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ABSTRACT  
Tropical   forests   play   an   important   role   in   the   global   carbon   cycle.  
Covering  7-­‐‑10%  of   the  Earth   land   surface,   they   contribute   to  more   than  half  of  
carbon   stock   in   the  world’s   forests.   Spatial   and   temporal   variations   of   canopy  
structure   and   carbon   stock   are   thus   key   indicators   of   ecological   processes  
associated  with  the  changing  climate.    
At   macroscales,   we   evaluated   the   contributions   of   climate,   soil   and  
topography   to   the   structural   variations   of   pan-­‐‑tropical   forests.   Using   LiDAR  
observations   from   satellite,   we   built   spatial   regression   models   between   the  
LiDAR-­‐‑derived  canopy  height  and  abiotic  variables.  Results   show   these   factors  
and  spatial  contextual  information  can  explain  more  than  60%  of  the  variations  in  
the  heights  of  these  forests.  
   vii 
Within   the   tropics,  Amazonian   forests   contain  nearly  half  of   the   tropical  
carbon  stocks  and  thus  a  vital  part   to   the  global  carbon  budget.  The   impacts  of  
droughts   in   Amazonia   have   been   recorded   as   short-­‐‑term   tree   mortality   and  
biomass   loss   from   inventory   plots.   Using   interannual   satellite   LiDAR  
measurements  from  2003  to  2008,  we  quantitatively  assessed  carbon  lost  after  the  
2005  Amazon  drought.  Through  careful  signal  filtering  and  sampling  strategies,  
we   found   a   significant   loss   of   carbon   over   the   Amazon   basin,   turning   the  
ecosystem  to  a  net  source  of  carbon  at  0.63  PgC/yr  (0.16-­‐‑1.10  PgC).  And  there  was  
no  sign  of  complete  recovery  3  years  after  the  drought.  
Besides   natural   disturbances   such   as   droughts,   human   activities   vastly  
alter   the  carbon  footprint   in   the  tropics.  Tropical  secondary  forests   (SF),  mainly  
restored  from  deforestation,  are  often  identified  as  a  major  terrestrial  carbon  sink.  
We  analyzed  changes  in  SF  from  2004  to  2014  in  the  Brazilian  Amazon  and  found  
SF   contribution   to   regional   carbon   sink   was   negligible,   due   to   significant  
turnover  and  frequent  clearing  activities.  But  it  has  the  capacity  of  more  than  0.2  
PgC/yr  net  sink  to  compensate  for  total  emissions  from  deforestation,  if  policies  
to  restore  secondary  forests  are  implemented  and  enforced.    
My  dissertation  studies  provide  a  clearer  picture  of  abiotic   controls  over  
the   pan-­‐‑tropical   forests   and   a   better   understanding   of   the   carbon   dynamics   in  
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regions   of   post-­‐‑drought   Amazonia   and   secondary   forests   in   the   Brazilian  
Amazon.  
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Chapter  1  
Introduction  
1.1  Climate  and  Forest  carbon  
Concentrations   of   greenhouse   gas   (GHG),   such   as   CO2,   CH4   and   N2O,  
have  been   increasing   steadily   since   the   start   of   industrial   era   (Hartmann  et   al.,  
2013).   Global   emissions   of   CO2   from   fossil   fuel   combustion   and   cement  
production  have  continued   to  grow  by  2.5%  per  year  on  average  over   the  past  
decade   (Friedlingstein   et   al.,   2014).   These   observations   imply   continued   global  
warming  due  to  the  linear  relationship  found  between  global  mean  temperature  
change  and  cumulative  CO2  emissions  (Allen  et  al.,  2009;  Matthews  et  al.,  2009;  
Gillett   et   al.,   2013).   In   fact,   global   annual   average   temperature   of   land   already  
increased  by  around  0.85°C  from  1880  to  2012,  especially  for  past  three  decades  
(1983-­‐‑2012),   which   were   recorded   as   the   warmest   period   in   Northern  
Hemisphere   (IPCC,   2014).   As   one   of   the   major   players   in   regulating   carbon  
concentration,   the   global   forest   ecosystem   absorbs   about   25%   of   the   total  
anthropogenic  CO2  emission  from  atmosphere  via  carbon  accumulation  to  forest  
biomass   (Reichstein   et   al.,   2013).   Although   the   CO2  emissions   from   fossil-­‐‑fuel  
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burning   and   industrial   processes   have   been   well   quantified   (Raupach   et   al.,  
2007),   the   carbon   exchange   with   the   terrestrial   ecosystem   still   has   large  
uncertainty  because  of  emission  from  activities  including  deforestation  and  land  
transitions.  As   the  major   pool   in   the   terrestrial   ecosystem,   forests   store   75%  of  
terrestrial  carbon,  and  account  for  40%  of  the  carbon  exchange  with  atmosphere  
each  year  (Schlesinger  and  Bernhardt,  2013).  Monitoring  forest  carbon  stock  and  
changes   thus   play   an   important   role   in   understanding   the   global   carbon   cycle  
and  future  climate  change.    
1.1.1  Tropical  Forest  structure  and  biomass  
Tropic  forests  contain  about  40-­‐‑50%  of  the  terrestrial  carbon  stock  (Lewis  
et  al.,  2009)  and  potentially  responsible   for  about  70%  of   terrestrial  carbon  sink  
(Pan  et  al.,  2011).  Deforestation  in  the  tropics  accounts  for  15%  of  anthropogenic  
carbon  emission  to  the  atmosphere  (Baccini  et  al.,  2012).  Therefore,  the  study  of  
carbon   dynamics   in   tropics   is   essential   to   understand   the   interaction   between  
forest  and  atmosphere.  
Forest  structure,   including  measurements  of  DBH,  canopy  height,  crown  
size,   etc.,   is   important   to   the   ecosystem   functioning,   carbon   cycle   and  
biodiversity  (Shugart  et  al.,  2010).  The  variation  in  tropical  forest  height  is  mainly  
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affected  by  different  soil  types,  climate  factors  and  topography  (Yang  et  al.,  2016),  
while  it  can  also  be  impacted  by  disturbance  and  deforestation  (Clark  and  Clark,  
2000).  Spatial  variation  of  tropical  forest  structure  is  a  key  indicator  of  ecological  
processes  associated  with  forest  biomass  and  carbon  dynamics.    
1.1.2  Uncertainties  of  carbon  estimation  in  tropics  
There  are  large  uncertainties  in  magnitude,  spatial  and  temporal  variation  
of   carbon   stocks   and   fluxes   in   tropical   forests   (Le   Quéré   et   al.,   2013).   These  
uncertainties  can  be  attributed  to  several  factors.  
1)  Heterogeneity  of  forest  structure  and  biomass  at  landscape  and  regional  
scales  driven  by  both  biotic   and  abiotic   factors.  Although   forests   in   the   tropics  
are  considered  evergreen,  several  ecological  and  biological  processes  modulated  
with  climate,  soil,  and  disturbance  regulate  the  growth  of  these  forests,   the  rate  
of   carbon   assimilation,   and   thus   the   accumulated   carbon   stocks   and   biomass  
(Saatchi   et   al.,   2011b;   Baccini   et   al.,   2012).   Limits   to   tree   height   are   both  
biophysical   (Yoder   et   al.,   1994;   Ryan   and   Yoder,   1997;   Ryan   et   al.,   2006)   and  
ecological/evolutionary  (King,  1990).  
2)  Lack  of  statistically-­‐‑designed  national  forest  inventory  plots.  While  the  
biomass  of  most  temperate  and  boreal  zones  has  been  systematically  inventoried  
   
4 
at   least   once   (Houghton   et   al.,   2009),   tropical   regions   suffer   from   operational  
limitations  and  consequent   lack  of  data  due   to   the  wide  geographical   extent  of  
forests,  difficult  accessibility,  and  the  limited  utility  of  field  inventories  (Baccini  
et  al.,  2008;  Saatchi  et  al.,  2011b;  Vaglio  Laurin  et  al.,  2014).  
3)   Lack   of   regional   allometry   or   model   to   predict   forest   structure   and  
dynamics  or  convert   forest   inventory  data   from  ground  or  remote  observations  
to   biomass.   Either   from   field-­‐‑based   data   or   satellite   observations,   the   direct  
measure   is   never   forest   biomass   itself   (Saatchi   et   al.,   2015).   One   of   the   most  
practical   estimates  of   forest  biomass   is   to   calculate   from  attributes  of   the   forest  
structure   (Treuhaft   et   al.,   2015),   using   allometry   in   the   case   of   field   plots   and  
plot-­‐‑aggregate  allometry  in  the  case  of  satellite  data.  However,  reliable  resources  
for  allometric  models  in  the  tropical  forests  are  often  scarce  (Chave  et  al.,  2014).  
1.2  Active  and  Passive  Remote  Sensing  Techniques  
On   a   per-­‐‑hectare   bases,   the   ground   data   are   generally   more  
comprehensive  (consisting  of  all  tree  diameters,  some  tree  heights,  and  a  few  tree  
wood   densities)   in   estimating   forest   structure   and   carbon   stocks   (DeWalt   and  
Chave,   2004).   However,   satellite   data   are   more   extensive   in   measuring   forest  
structure  (generally  consisting  of  aggregate  canopy  height)  at  a  larger  scale.  One  
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thing  worth   noting   is   that   both   are  measures   of   physical   properties   of   forests,  
which   are   not   forest   biomass.   With   ground   and   remote   sensing   observations  
together,  we  can  provide  estimates  of  biomass  distribution  in  tropics  at  regional  
to  continental  scales  (Saatchi  et  al.,  2007;  Baccini  et  al.,  2012;  Asner  et  al.,  2013).    
Among  remote  sensed  data,  active   remote  sensing   is  particularly  unique  
and   advantageous   in   measuring   tropical   forests,   due   to   its   nature   of   all   time  
monitoring  irrespective  of  the  presence  of  clouds,  aerosols,  or  seasonality  of  the  
sun-­‐‑sensor  geometry  (Frolking  et  al.,  2011;  Saatchi  et  al.,  2013).  Microwave-­‐‑based  
sensors,   such   as   the   Shuttle  Radar   Topography  Mission   (SRTM)   collected   on   a  
near-­‐‑global   scale   using   Interferometric   Synthetic   Aperture   radar   (InSAR)  
measurement  at  C-­‐‑band  (5.3  GHz)   (Rabus  et  al.,  2003;  Farr  et  al.,  2007),  are  not  
only  sensitive  to  canopy-­‐‑level  water  content  and  upper-­‐‑canopy  structure  through  
the  canopy  dielectric  properties  (Ulaby  et  al.,  1986;  Frolking  et  al.,  2011),  but  also  
able  to  capture  elevation  information  through  the  InSAR  technology.  The  Phased  
Array   L-­‐‑band   SAR   (PALSAR)   aboard   the   Advanced   Land   Observing   Satellite  
(ALOS)   –   Japan’s   new-­‐‑generation   Earth   Observation   satellite,   is   an   active  
microwave  sensor  using  L-­‐‑band  frequency,  which  is  a  more  suitable  radar  sensor  
for  vegetation  monitoring  because  of   its  high  penetration   (Saatchi   et   al.,   2011a)  
feature.   The   PALSAR   observation   strategy   has   been   designed   to   provide  
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consistent,  wall-­‐‑to-­‐‑wall   observations   at   fine   resolution   of   all   land   areas   on   the  
Earth  (Rosenqvist  et  al.,  2007).  The  recent  LiDAR  (Light  Detection  And  Ranging)  
technology  offers  a  more  direct  way  of  measuring  vegetation  canopy  height  with  
less   signal   saturation   than   radar   sensors   (Guo   et   al.,   2008).   Large   footprint  
waveform   LiDAR   systems,   such   as   the   Geoscience   Laser   Altimeter   System  
(GLAS)  instrument  (Abshire  et  al.,  2005),  have  the  capability  of  retrieving  vertical  
distribution   of   canopy   materials   including   foliage,   trunk,   twigs   and   branches,  
and   thus   have   the   potential   to   reconstruct   the   canopy   and   internal   structures  
precisely.   But  most  LiDAR   instruments,   especially   spaceborne  LiDARs   such   as  
GLAS,   are   sampling   LiDAR   without   the   capability   of   wall-­‐‑to-­‐‑wall   mapping.  
Therefore,  supplementary  information  is  needed  for  imaging  capability,  if  using  
LiDAR  information  as  the  major  retrieval.    
The   conventional   optical   remote   sensing,   although   considered   to   have  
saturation   problems   in   dense   forests   and   weather   dependence   such   as   in   the  
tropics   (Lu,   2006;   Koch,   2010),   is   advantageous   in   its   high   frequency   of  
observations   over   the   entire   globe   with   a   fairly   long   history.   Moderate  
Resolution  Imaging  Spectroradiometer  (MODIS),   for  example,  a  key  instrument  
aboard  both  the  Terra  and  Aqua  platforms  of  the  Earth  Observing  System  (EOS),  
provides  spectral  data  of  global  coverage  every  1  to  2  days  with  high  radiometric  
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sensitivity   (12  bit)   and  moderate   spatial   resolution   (250m  –  1km)   in  36   spectral  
bands   ranging   in  wavelength   from   0.4   µμm   to   14.4   µμm.   The   vegetation   indices  
derived   from   MODIS   (Huete   et   al.,   2002)   are   the   widely   used   proxies   for  
vegetation  photosynthesis  and  gross  productivity  (Tucker  et  al.,  1986;  Myneni  et  
al.,   1995).   The   Landsat   program,   the   world'ʹs   longest   continuously   acquired  
collection  of  space-­‐‑based  moderate-­‐‑resolution  land  remote  sensing  data  starting  
from  1972,  is  another  rich  source  of  data  with  spatial  resolutions  ranging  from  15  
to   60   meters   and   free   access   (Woodcock   et   al.,   2008).   With   the   help   of   these  
passive  optical  remote  sensing  data,  maps  of   forest  activities  and  dynamics  can  
be  estimated  with  very  find  spatial  and  temporal  resolution  (Ganguly  et  al.,  2012;  
Zhu  et  al.,  2012;  Hansen  et  al.,  2013).  The  fusion  of  metrics  from  multiple  sensors  
using  optical,  radar  and  LiDAR,  has  been  reported  to  produce  biomass  estimates  
with  accuracy  levels  similar   to  or  better   than  using  LiDAR  alone  (Saatchi  et  al.,  
2011b;  Baccini  et  al.,  2012;  Zolkos  et  al.,  2013).    
1.3  Regions  of  Interest  
1.3.1  Pan-­‐‑Tropics  
Tropics   forests   contain   about   more   than   half   of   living   biomass   in   the  
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world,  and  play  an   important  role  on   the  global  carbon  cycle   (Pan  et  al.,  2011).  
Most  Tropical  forests  located  from  30S  to  30N  latitude.  Due  to  the  difficulties  in  
accessing   dense   forests   and   the   lack   of   developed   infrastructure,   studies   of  
tropical  forests  have  been  limited  to  local  or  regional  scales.    
1.3.2  Amazonia  Tropical  Forest  
The   largest   primary   tropical   forests   of   the   earth   exist   in   the  Amazonian  
ecosystem.   It   takes   up   about   50%   tropical   forests   of   the   world.   Two   severe  
droughts   occurred   in   this   region   during   the   last   decade   –   one   in   2005,   and  
another   in  2010   (Xu  et  al.,   2011;  Saatchi  et  al.,   2013).  Although   there  have  been  
reports   showing   that   drought   events   switched   the   massive   carbon   sink   into  
source   in   the   Amazon   basin,   the   exact   magnitude   is   unknown.   Other  
anthropogenic  activities,  such  as  deforestation  and  farming,  completely  changed  
the   landscape   in   tropics  as  well.  Forest   regrowth  after  disturbance  events,   thus  
become   an   important   topic   of   research   as   it   means   the   opportunity   of   fast  
accumulation  in  terrestrial  carbon.  It  leads  to  a  better  understanding  of  the  global  
carbon  cycle  by  studying  the  primary  forest  and  secondary  forest  dynamics  and  
carbon  stocks  in  the  tropical  Amazonia.    
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1.4  Objectives  and  dissertation  structure  
Here   are   the   three   research   objectives   focusing   on   the   carbon   dynamics  
and  structure  of  tropical  forests  for  my  dissertation  studies.  
1)   The   variation   of   tropical   forest   height.   Increased   number   of   high-­‐‑
resolution  remote  sensing  data  and  inventory  networks  have  been  improving  the  
understanding   of   spatial   variation   of   forest   structure   and   its   biotic   and   abiotic  
controls   at   the   local   scale.   But   the  macroscale   variation   of   forest   structure   and  
their   ecological   and   environmental   controls   need   massive   amount   of   ground  
truth  data  which  do  not  exist  in  current  tropical  forest  studies.  With  the  help  of  
spaceborne   GLAS   LiDAR   waveforms,   the   objective   of   my   first   study   is   to  
investigate   the   natural   environmental   controls   on   macroscale   variations   of  
tropical  forest  heights.  
2)  Post-­‐‑drought  effects  in  Amazonia.  A  few  inventory  plots  had  repeated  
measurements   before   and   after   the   2005   Amazon   drought,   and   suggested   a  
significant  “legacy  effect”  of  forests  to  the  drought,  converting  Amazon  forests  to  
a  net  source  of  carbon.  However,  the  results  from  limited  field  data  may  contain  
large  uncertainty  when  extrapolating  to  the  entire  Amazon  basin.  Using  satellite  
measurements   of   forest   structure   and   carbon   derived   from   GLAS   LiDAR   and  
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other   remote   sensing   layers,   the   objective   of  my   second   study   is   to   revisit   the  
2005  Amazon  drought  and  see  whether   the  Amazon   forests  experienced   large–
scale  carbon  loss.  
3)   Carbon   dynamics   of   secondary   forests   in   Amazon   Brazilian.   In   the  
recent  decades,  due  to  human  activities  and  natural  disturbances,  a  large  fraction  
of   tropical   regions   experienced   land-­‐‑use   transitions,   and   caused   a   significant  
amount   of   secondary   forest   regrowth   after   land   abandonments.   Studies   show  
that   the   carbon   sequestration   rate   of   secondary   forest   may   be   up   to   20   times  
higher   than   the   old-­‐‑growth   forest.   But   the   quantification   of   carbon   stocks   and  
dynamics   in   secondary   forests   is   still   unknown.   With   the   availability   of   best  
secondary   forest   maps   in   Brazilian   Amazon   for   multiple   time   periods,   the  
objective  of  my  third  study  is  thus  to  estimate  the  carbon  stock  and  dynamics  of  
secondary  forest  in  Brazilian  Amazon.  
1.4.1   Abiotic   Controls   on   Macroscale   Variation   of   Humid   Tropical   Forest  
Height  
In  Chapter  2,  my  study   is  using  observations   from   the  Geoscience  Laser  
Altimeter   System   (GLAS)   satellite   from   2004   to   2008,   Harmonized  World   Soil  
Database  (HWSD)  and  WorldClim  database  to  (1)  retrieve  the  top  canopy  height  
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(TCH)   form   the   GLAS   data   and   environmental   factors   from   soil   and   climate  
layers,  (2)  perform  statistical  analysis  of  the  variations  in  forest  canopy  height  at  
regional  scale,  and  link  variations  of  top  canopy  tree  height  to  the  environmental  
controls,  and  (3)  identify  individual  climate  and  edaphic  factors  that  significantly  
contribute  to  the  TCH  variation  with  no  spatial  correlations.    
1.4.2  Post-­‐‑Drought  Switch  of  Amazon  Forest  from  Carbon  Sink  to  Source  
In   Charter   3,   my   study   focuses   on   the   post-­‐‑drought   effects   on   tropical  
forest.  First,  we  analyze  LiDAR  measurements  of  forest  structure,  systematically  
sampled   by   GLAS   aboard   the   Ice,   Cloud,   and   the   Elevation   Satellite   (ICESat)  
from   2003   to   2008   to   quantify   the   changes   in   structure   as   a   result   of   the   2005  
drought.  Second,  we  stratify  the  intact  Amazonian  forests  into  five  regions  based  
on  the  level  of  cumulative  water  deficit  anomaly  from  July  to  September  for  the  
year  2005  using   rainfall  measurements,  and  measure   regional   changes  of   forest  
height  derived   from  GLAS  data.  Third,  we   convert  height  metrics   to  AGB  and  
total   carbon   using   established   models   and   techniques   (Saatchi   et   al.,   2011b;  
Baccini   et   al.,   2012)   and   integrated   in   a   spatial   model   to   annually   map   forest  
biomass   and   carbon  over   the   intact  Amazonian   forests.   Finally,  we   include   the  
carbon  emissions  contributed  from  fire  and  deforestation,  and  evaluate  the  total  
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carbon  change  of  forests  before  and  after  the  drought.  
1.4.3  Carbon  Storage  and  Dynamics  of  Secondary  Forests  in  Brazilian  Amazon  
   In  Charter  4,  the  study  mainly  uses  the  Radar  backscatter  data  from  ALOS  
PALSAR   (Phased   Array   L-­‐‑band   Synthetic   Aperture   Radar   sensor   aboard   the  
Advanced  Land  Observing   Satellite   "ʺDAICHI"ʺ)   as   the   remote   sensing   layer   for  
carbon  stock  estimations,  and  calibrate  the  retrieval  using  spaceborne  Geoscience  
Laser  Altimeter   System   (GLAS)   LiDAR  waveform   sampling   over   the   Brazilian  
Amazon.  With  the  help  of  existing  TerraClass  maps  and  other  ancillary  sources,  
we  try  to  find  (1)  the  relationship  between  forest  biomass/carbon  and  Radar  data,  
(2)   the   carbon   accumulation   pattern   of   secondary   forests   from   the   disturbance  
history,  and  (3)   the  main  driver  of  carbon  dynamics   in   the  secondary  forests  of  
Brazilian  Amazon  
Chapter  2  
Abiotic  Controls  on  Macroscale  Variations  of  Humid  Tropical  Forest  Height  
2.1  Introduction  
Humid   tropical   forests  play  an   important   role   in   the  global   carbon  cycle  
by  covering  only  7-­‐‑10%  of  the  Earth  land  surface,  yet  they  contain  about  40-­‐‑50%  
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of  the  terrestrial  carbon  stock  (Saatchi  et  al.,  2011b),  and  are  responsible  for  about  
70%  of  terrestrial  carbon  sink  (Pan  et  al.,  2011).  With  increasing  number  of  high-­‐‑
resolution   remote   sensing   data   and   availability   of   networks   of   ground   plots,  
understanding   the   fine   scale   variations   of   forest   structure   and   dynamics   and  
their  biotic  and  abiotic  controls  have  improved  significantly  over  the  past  decade  
(Baker   et   al.,   2004;   Phillips   et   al.,   2009;   Asner   et   al.,   2013;   Clark   et   al.,   2013;  
Espírito-­‐‑Santo   et   al.,   2014;   Malhi   et   al.,   2015,   p.201).   However,   understanding  
macroscale  variations  of  forest  structure  and  their  ecological  and  environmental  
controls   lags   behind.   This   is   because   existing   ground   plots   are   sparsely  
distributed  and  not  suitable  for  macroscale  studies  (Marvin  et  al.,  2014;  Saatchi  et  
al.,   2015),   and   investments   in   design   and   implementation   of   regional   scale  
ecological  studies  are  inadequate.  
The  heterogeneity  of  the  forest  structure  in  humid  tropics  may  come  from:  
1)  small-­‐‑scale  dynamics  such  as  tree  falls,  mortality,  and  recruitment  (Frolking  et  
al.,   2009),   2)   large   scale   disturbance   in   the   form   of   storms   and   droughts  
(Chambers  et  al.,  2013;  Espírito-­‐‑Santo  et  al.,  2014;  Phillips  et  al.,  2009;  Saatchi  et  
al.,  2013),  3)  natural  environmental  variations  in  climate,  soil,  and  geology  (Tian  
et  al.,  1998;  Malhi  et  al.,  2008;  Higgins  et  al.,  2012;  Quesada  et  al.,  2012),  and  4)  
evolutionary   processes   forming   the   phylogenetic   variations   and   the  
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biogeography  of  forest  species  (Webb  et  al.,  2008;  Kembel  and  Hubbell,  2006).  In  
addition,   recent   or   past   human   induced   land   use   activities   such   as   small   and  
large-­‐‑scale   forest   clearing   or   tree   extractions   may   have   also   influenced   the  
variations   of   forest   structure.   This   heterogeneity,   generally   using   tree   height  
and/or   diameter   as   a   measurable   quantity,   is   therefore   a   reflection   of  
environmental   impacts  on   the   local  vegetated   surface   in  humid   tropical   forests  
(Iida  et  al.,  2014).  
At   continental   scales,   individual-­‐‑based   ground   measurements   suggest  
large  regional  differences  in  canopy  height  with  tallest  trees  reported  in  tropical  
Asia,  followed  by  forests  in  Africa  and  America  (Feldpausch  et  al.,  2012).  These  
patterns,  however,  may  not  directly  translate  to  variations  of  forest  above  ground  
biomass  (AGB)  as  diameter  and  wood  density  of  trees  also  control  the  forest  AGB  
and  influence  the  landscape  heterogeneity  (Banin  et  al.,  2012;  DeWalt  and  Chave,  
2004).   Over   sharp   gradients   such   as   tropical   montane   forests,   tree   height  
decreases  with  the  rising  elevation  as  proxy  for  decreasing  temperature  (Moser  et  
al.,   2011),   presenting   a   combined   effect   of   both   climatic   factors   and   edaphic  
properties.  Studies  using  field  observations  also  show  that  the  aboveground  live  
biomass  variations  at  landscape  scales,  which  is  highly  related  to  the  variation  of  
large   trees   (Slik   et   al.,   2013),   is  positively   correlated  with   soil   texture  gradients  
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and  topography.  In  addition  to  the  impact  of  soil  structural  properties,  nutrient  
availability   in   soil,   such   as   exchangeable   cations,   carbon,   nitrogen,   and   pH,   as  
well  as  soil  phosphorus  status,  have  been  found  to  have  a  non-­‐‑negligible  impact  
on   the   tropical   forest   height   structure   and   its   dynamics   (Quesada   et   al.,   2012).  
Therefore,   height   of   trees   may   be   considered   a   key   functional   trait   at   each  
location  in  tropical  forests,  capturing  both  the  phylogentic  variability  of  species,  
differences  in  allometry,  and  their  growth  trajectory  (Kohyama  et  al.,  2003,  p.200).  
To   understand   and   quantify   the   variability   and   the   controls   on   forest  
mean  and  maximum   tree  height   in   tropical   forests,   a   systematic  observation  of  
tree   height   is   required.   Existing   ground   observations   documented   in   research  
networks   of   plots   have   contributed   significantly   in   understanding   the   local  
characteristics   of   forest   structure   (Baker   et   al.,   2004;   Feldpausch   et   al.,   2012).  
However,   the   plot   networks   are   not   designed   to   provide   enough   samples   on  
regional  or  continental  scale  variations.  Alternatively,  remote  sensing  techniques  
can   provide   systematic   observations   of   tropical   forest   structure   using   recently  
advance  active  sensors  such  as  LiDAR  (Light  Detection  and  Ranging)  and  radar  
(Radio  Detection  and  Ranging)  from  airborne  and  spaceborne  platforms  (Lefsky,  
2010;  Le  Toan  et  al.,  2011;  Saatchi  et  al.,  2011a).  
Here,   we   focus   on   investigating   the   natural   environmental   controls   on  
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macroscale   variations   of   tropical   forest   heights.   Our   study   will   include   only  
humid  tropical  forests  including  low  land  and  high  land  terra  firme  and  swamp  
forests   across   elevation,   soil,   and   climate   gradients.   We   exclude   dry   and  
woodland  forests  in  tropical  regions  due  to  their  readily  distinct  distributions  in  
different   climate   and   soil   conditions   (REF).   We   use   observations   from   the  
Geoscience   Laser   Altimeter   System   (GLAS)   satellite   between   2004   to   2008,  
measuring   forest   top  canopy  height   (TCH)  and  vertical  profile  at  about  0.25  ha  
effective   footprint   size   across   humid   tropical   forests.   We   perform   statistical  
analysis   of   the   variations   of   forest   canopy   height   at   regional   scale,   linking  
variations   of   top   canopy   tree   height   to   the   environmental   controls.   We   also  
identify  individual  climate  and  edaphic  factors  that  significantly  contribute  to  the  
TCH   variation   by   accounting   for   the   spatial   autocorrelation   effects.   As   an  
independent  systematic  sampling  of   forest  vertical  structure,   the  GLAS-­‐‑derived  
TCH   data   give   us   the   opportunity   to   study   the   relationships   between   humid  
pantropical  forests  and  the  associated  environmental  influences  with  statistically  
large  samples  covering  the  entire  tropical  region.    
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2.2  Data    
2.2.1  Remote  Sensing  Data  
We  used  three  remote  sensing-­‐‑based  data  sets  in  our  study.  First,  the  land  
cover  (LC)  map  from  Globcover  2009  (Bontemps  et  al.,  2011)  was  used  to  define  
our   study   region   (57°S   –   30°N)   and   pick   dense   tropical   forest   pixels   only.  We  
selected  classes  40   [Closed   to  open   (>15%)  broadleaved  evergreen  and/or   semi-­‐‑
deciduous   forest   (>5m)]   and   160   [Closed   (>40%)   broadleaved   forest   regularly  
flooded-­‐‑   Fresh   water   from   the   Globcover   map   and   defined   them   as   tropical  
dense   forests.   All   other   pixels   were   marked   as   invalid   and   not   included   in  
further  calculations.  Although  the  area  of  flooded  forests  are  underestimated  in  
Globcover  due  to  the  lack  of  SWIR  band  in  the  MERIS  sensor  (Abshire  et  al.,  2005)  
and  significant  confusion  in  classification  because  of  the  similarity  of  the  spectral  
reflectances,  by  combining  the  two  classes,  we  circumvent  possible  errors  of  mis-­‐‑
classification  and  use  the  overall  domain  of  humid  tropical  for  this  study.    
For   forest   structure,   we   rely   solely   on   the   measurements   from   GLAS  
LiDAR  data  because  of  the  extensive  systematic  coverage  over  tropical  forests  for  
a  period  of  more  than  four  years  (2003-­‐‑2008).  GLAS  sensor  aboard  the  Ice,  Cloud  
and  land  Elevation  Satellite  (ICESat)   is  the  first  spaceborne  waveform  sampling  
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LiDAR  instrument  for  continuous  global  observation  of  the  Earth.  It  emits  short  
duration   laser  pulses   and   records   the   echoes   reflected   from   the  Earth’s   surface  
(Abshire   et   al.,   2005).   When   the   surface   is   vegetated,   the   return   echoes   or  
waveforms   are   the   function   of   the   canopy   vertical   distribution   and   ground  
elevation  within  the  area  illuminated  by  the  laser  (the  footprint),  thus  reflecting  
the  canopy  structure  information  (Lefsky  et  al.,  2005;  Sun  et  al.,  2008;  Saatchi  et  
al.,  2011b).  From  each  GLAS  LiDAR  footprint,  we  selected  the  top  canopy  height  
of  the  LiDAR  waveform,  representing  the  maximum  height  of  trees  of  the  forest  
sampled  within  the  LiDAR  footprint.  Top  canopy  height  (TCH)  is  calculated  as  
the  difference  between  the  elevation  of  the  first  returned  energy  minus  the  mean  
elevation   of   ground   elevation,   and   corrected   for   topographic   effects   using  
waveform  indices  (Lefsky  et  al.,  2007).  We  use  TCH  instead  of  maximum  height  
throughout  the  paper  because  the  maximum  height  measured  by  the  GLAS  large  
footprint   is   on   the   average   smaller   than   a   similar   measurement   from   small  
footprint  LiDAR  due  to  Gaussian  shape  of   the  waveform  and  the  spread  of   the  
engery  over  the  larger  footprints.  TCH  represents  the  most  accurate  retrieval  of  
all   canopy   parameters   derived   from   LiDAR   waveforms   (Lim   et   al.,   2003;   van  
Leeuwen   and   Nieuwenhuis,   2010).   TCH   from   GLAS,   unlike   other   metrics  
derived   from   the  LiDAR  waveforms,  provides   the  most  direct  measurement  of  
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forest   height   systematically   sampled   over   the   landscape   (Fig.   2.1).   GLAS  
measurements   can   provide   similar   features   of   forest   structure   as   derived   from  
high-­‐‑resolution  airborne  observations  (Fig.  2.2),  suggesting  that  the  large  number  
of   samples   can   be   readily   used   in   characterizing   forest   height   at   landscape   to  
regional   scales.   In   addition,   examples   of   comparison   of   GLAS  waveforms   and  
high-­‐‑resolution   airborne   observations   acquired   over   different   continents   show  
distinct   and   different   features   of   the   canopy   structure   (Fig.   2.3),   suggesting  
continental  differences  in  forest  structure  with  potential  relations  to  edaphic  and  
climate  variables.    
For   terrain   topography,   we   used   the   surface   elevation   data   from   the  
Shuttle  Radar  Topography  Mission  (SRTM)  collected  on  a  near-­‐‑global  scale  using  
Interferometric   Synthetic   Aperture   radar   (InSAR)  measurement   at   C-­‐‑band   (5.3  
GHz)  (Rabus  et  al.,  2003;  Farr  et  al.,  2007).  We  also  used  the  SRTM  data  to  create  
surface  slopes   for   further   filtering  of  GLAS  data.   In   this   study,  we  removed  all  
GLAS  LiDAR  measurements  on  steep  terrains  (slope  >  10%)  to  reduce  any  errors  
associated   with   impacts   of   the   slope   on   GLAS   waveforms   and   forest   height  
measurements.   The   high-­‐‑resolution   original   data   were   resampled   from  
approximately   90-­‐‑meter   (3   arcsec)   to   1-­‐‑km   (30   arcsec)   spatial   resolution   using  
spatial  average  as  well  as   local  standard  deviation,  both  of  which  were  used  as  
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environmental  layers  representing  terrain  characteristics.    
2.2.2  Climate  and  Soil  Data  
We  used  all  19  bioclimatic  variables  from  the  WorldClim  climate  database  
(Hijmans  et  al.,  2005;  Synes  and  Osborne,  2011)  in  our  study.  WorldClim  is  a  set  
of  average  monthly  climate  data  collected  globally   from  ground-­‐‑based  weather  
stations  and  interpolated  to  a  1-­‐‑km  resolution  grid.  Variables  1  to  11  are  related  
to  characteristics  of  temperature,  including  annual  mean/min/max  temperatures  
and  seasonality  parameters  such  as  diurnal  and  annual  range,  standard  deviation  
and  seasonal  mean  temperatures.  Variables  12  to  19  capture  the  characteristics  of  
precipitation   similar   to   the   variables   used   for   temperature   (Nachtergaele   and  
Licona-­‐‑Manzur,   2008).  The   average  bioclimatic  variables   are  derived   from  data  
from  different  sources  spanning  over  five  decades  of  observations  (1950  to  2000).  
We  also  used  the  recently  proposed  bioclimatic  stress  variable  E  (Chave  et  
al.,  2014)  derived  from  water  deficit,  temperature  and  precipitation  seasonality:  𝐸 = (0.178×𝑇𝑆 − 0.938×𝐶𝑊𝐷 − 6.61×𝑃𝑆)×10!!  
where   TS/PS   is   the   temperature/precipitation   seasonality   as   defined   in   the  
Worldclim   dataset,   and   CWD   is   the  maximum   climatological   water   deficit   (in  
mm/yr)  derived  from  monthly  precipitation  and  evapotranspiration  data  derived  
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from  the  Climate  Research  Unit  dataset.  E  factor  is  a  measure  of  environmental  
stress,   increasing  with   temperature  seasonality  and  CWD  (a  negative  quantity),  
emphasizing   on   the   hydraulic   limitations   impacting   the   growth   of   tropical  
forests   and   a   parameter   to   scale   the   height-­‐‑diameter   relation   of   trees   over   all  
tropical   regions   (Chave   et   al.,   2014).  We   used   the   E-­‐‑factor   as   the   20th   climate  
variable  in  the  spatial  statistical  analyses.  
The  soil  data  were  based  on  the  Harmonized  World  Soil  Database  (HWSD)  
and   were   used   to   evaluate   the   impact   of   edaphic   conditions   on   forest   height  
distribution.  The  HWSD  data  are  gridded  in  a  30  arc-­‐‑second  (about  1km)  raster  
format   with   over   16000   soil-­‐‑mapping   units   collected   from   the   Food   and  
Agriculture  Organization  of  the  United  Nations  (FAO),  the  International  Institute  
for   Applied   Systems   Analysis   (IIASA),   and   other   partners   (Nachtergaele   and  
Licona-­‐‑Manzur,   2008).   The   soil  maps   are   linked   to   an   attribute   database   of   12  
different   soil   characteristics,   including   physical   compositions   such   as   clay   and  
sand   contents,   chemical   properties   such   as   pH   values   and   cation-­‐‑exchange  
capacity,   as  well   as   biological   variables   such   as   organic  matters.   Four   original  
source   databases,   the   European   Soil   Database   (ESDB),   the   China   soil   map  
(CHINA),  the  regional  the  Soil  and  Terrain  (SOTER)  databases  (SOTWIS)  and  the  
Digitized  Soil  Map  of  the  World  (DSMW),  were  used  to  create  the  HWSD  raster  
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files  through  harmonization  and  merging  processes  including  range  and  missing  
data   checks,   recoding,   unit   conversions,   data   inconsistency   checks,   and   so   on  
(FAO/IIASA/ISRIC/ISSCAS/JRC,  2012).  
2.3  Methods    
2.3.1  Developing  of  Gridded  Data  Layers  
GLAS   data   are   in   a   form   of   vector   points   representing   the   LiDAR  
footprints  at  specific  locations  in  geographic  latitude/longitude  coordinates.  The  
GLAS  data  were   rasterized  using   the  Globcover   2009  data  as   the  base  map   for  
selecting  valid  GLAS  LiDAR  measurements  and  aggregating  the  values.  First,  we  
aggregated   the   land   cover  map   into   0.5°x0.5°   spatial   resolution   using  majority  
resampling  filter.  We  then  selected  only  the  GLAS  shots  that  fall  in  the  classes  40  
and   160   of   Globcover   2009   representing   the   humid   tropical   terra   firme   and  
swamp  forests.  For  the  aggregation  process,  the  0.5°  grid  cell  was  marked  valid  
only  when  more  than  70%  of  the  aggregated  pixels  from  the  original-­‐‑resolution  
Globcover  data  fall  into  the  class  40  or  160.  For  each  valid  forested  0.5°  grid  cell,  
we  regarded  the  cell  as  having  a  valid  observation  only  when  a  sufficiently  large  
number  (>50)  of  GLAS  shots  located  within  the  cell  boundary.  We  used  the  direct  
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gridding   approach   without   kriging   or   spatial   modeling   as   we   regarded   each  
GLAS  shot  as  an  independent  sample  of  forest  height  measurement,  and  treated  
other  variations   such  as   the   forest  growth  within   the   study  period   to  be  minor  
dispersions   to   the   regional  uncertainty.  For   each   forested   cell  with  valid  GLAS  
observations,  we  simply  averaged  all  GLAS-­‐‑based  TCH  and  built  a  0.5-­‐‑deg  map  
of   mean   TCH   (TCHm)   (Fig.   2.4).   We   created   another   map,   90-­‐‑percentile   TCH  
(TCH90)   –   calculated  as   the  90-­‐‑percentile  height  of   all  TCH  observations  within  
each  half-­‐‑degree  cell,  to  represent  the  maximum  attainable  height  of  forests  (Fig.  
2.5).   The   use   of   90-­‐‑percentile   TCH   instead   of   maximum   value   provided   a  
statistically  stable  measure  of  forests  dominated  by  tall  trees  by  avoiding  sample  
size  differences   among  populations  within   each  grid   cell   and   at   the   same   time  
any   noise   and   outliers   associated  with   detecting  maximum  TCH   at   individual  
LiDAR   footprint.  The   two  height  metrics  provide   strong  statistical  measures  of  
forest   functional   traits   related   to   regional   forest   growth   and   architectural  
differentiation  (Kohyama  et  al.,  2003).  The  gridded  LiDAR  height  products  were  
based   on   statistically   adequate   sample   size   (>   50   shots),   providing   regional  
variations   of   forest   height   structure   for   reliable   comparison   with   the   soil   and  
climate  data.  We  tested  the  patterns  of  TCHm  and  TCH90  globally  for  any  errors  
associated  with  over  representation  of  grid  cells  by  randomly  subsampling  each  
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valid   grid   cell   to   a   minimum   of   50   shots   per   grid   and   found   no   significant  
changes  in  the  magnitude  and  spatial  patterns  of  forest  height  structure  globally  
(Fig.   2.6).   This   comparison   provided   assurance   that   the   grid   cells   with   higher  
number  of  GLAS  shots  may  have  better  standard  errors  around  the  mean  value  
but  have  no  bias.  
WorldClim  and  HWSD  are   interpolated  spatial  datasets  at  resolutions  as  
high  as  1  kilometer.  However,  most  native   resolutions  of   these  variables  are  at  
the   scale  of   50-­‐‑100  km2.  Without  having   fine   scale   environmental  variables,  we  
cannot   find   the   true   small   scale   variations   of   tree   height   against   the   abiotic  
factors.  Using  the  climate  and  soil  data  close  to  their  native  resolution  will  help  
to  understand  the  macroscale  variability  of  forest  height  much  better.  Therefore,  
we   aggregated   climate   and   soil   characteristics   at   0.5°   grid   cells   using   spatial  
averages,  and  performed  all  spatial  analyses  studying  the  relationships  between  
GLAS   forest   structure   and   environmental   variables,   including   climate   and   soil  
properties,  at  the  0.5°  grid  cells  globally.  
2.3.2  Ecoregion-­‐‑based  Stratification  
The  pan-­‐‑tropical  study  region  (57°S  –  30°N)  was  divided  into  a  variety  of  
ecoregions  based  on   the  HWSD  soil  map,  SRTM  elevation,  Globcover  LC  map,  
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and  Vegetation  Continuous  Field  (VCF)  product  of  MODIS.  First,  we  combined  
the  HWSD  soil-­‐‑mapping  units  (more  than  16000  types)  into  41  classes  using  the  
soil  attributes  of  FAO74  and  FAO90  (Fig.  2.7  and  Table  2.1).  We  further  separated  
the   pan   tropical   region   to   three   different   continents   –   America,   Africa   and  
Asia/Australia.   Treating   the   same   soil   type   (within   those   41   classes)   from   each  
continent  separately,  we  got  a  total  of  123  soil  types.  After  removing  classes  with  
less   than  2000  pixels  under  1-­‐‑km  spatial   resolution,   the   final   classification  map  
contains  87  soil  types  in  total.  The  second  step  is  to  use  STRM  elevation  data  and  
separate   each   soil   type   into   4   sub-­‐‑categories   –   low   elevation   (0-­‐‑200   meters),  
medium   elevation   (200-­‐‑900  meters),   high   elevation   (900-­‐‑1800  meters)   and   very  
high   elevation   (>1800   meters).   That   results   in   348   ecoregions.   And   finally,   we  
defined  the  tropical  dense  forest  (code  40  and  160)  from  the  Globcover  map,  and  
only   pixels  with   vegetation   fractional   covers   larger   than   10%  were   considered  
valid   according   to  MODIS  VCF.   Thus  we   obtained   a   pan-­‐‑tropical   dense   forest  
map  classified  into  348  ecoregions  based  on  soil  properties  and  ground  elevation.  
The  classification  procedure  is  described  in  Figure  2.8.  Due  to  the  lack  of  soil  type  
diversity  in  the  African  continent,  we  further  stratified  the  largest  soil  class  (class  
9  -­‐‑  Ferralsols)  to  7  small  soil  types  according  to  FAO74  and  FAO90  (see  Table  2.2),  
which  was  specifically  used  in  the  analyses  of  the  African  continent.    
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For  each  ecoregion,  we  calculated  the  TCHm  from  the  GLAS  shots  located  
within   the  region.  We  used  two  methods  for   the  calculation  of  TCHm.  First,  we  
simply  averaged  the  TCH  values  retrieved  from  all  the  GLAS  shots  within  each  
region.   Second,   we   calculated   the   area-­‐‑weighted   TCHm   by   using   random  
sampling.   The   strategy  was   the   following:   (a)   The   number   of  GLAS   shots  was  
denoted  as  𝑛!  within  ecoregion  𝑖;  (b)  The  area  of  ecoregion  𝑖  was  denoted  as  𝐴;  (c)  
We   found   the   minimum   GLAS   point   density   (𝜌! = min 𝑛/𝐴 )   out   of   all  
ecoregions   (in  practice,   it  was  set   to   the  10  percentile   in  GLAS  point  density   to  
remove  outliers);  (d)  for  each  ecoregion  𝑗  with  GLAS  point  density  larger  than  𝜌!,  
we   randomly   selected  𝜌!𝐴!  (< 𝑛!)   GLAS   points,   so   that   the   selection   of   GLAS  
points   is   area-­‐‑weighted.   Such   random   sampling   procedure   guarantees   the  
analysis   is   biased   toward   ecogions   with   larger   number   of   GLAS   shots.   The  
experiment   using   both   methods   (Fig.   2.6)   shows   that   they   have   a   very   good  
agreement   for   most   ecoregions,   indicating   that   sufficient   GLAS   shots   are  
available   to   represent   the   regional  mean   regardless  of   region   size.  We  adopted  
the  first  method  and  created  a  final  map  of  pan-­‐‑tropical  TCHm  based  on  soil  and  
elevation  information  (Fig.  2.9).    
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2.3.3  Spatial  Analysis  
To  evaluate  the  relationships  between  forest  structure  and  environmental  
factors,   we   used   the   spatial   regression   method,   spatial   eigenvector   mapping  
(SEVM),   which   includes   the   spatial   autocorrelation   of   gridded   forest   height  
metrics  as  a  set  of  independent  variables  (F.  Dormann  et  al.,  2007;  Mauricio  Bini  
et  al.,  2009).  It  is  statistically  rigorous  and  aim  to  retrieve  the  best  linear  unbiased  
estimators   of   regression   coefficients.   The   spatial   regression   analyses   were  
performed   using   the   SAM   (Spatial   Analysis   in   Macroecology)   v4.0   software  
(Rangel   et   al.,   2010).   We   used   TCHm   and   TCH90   for   each   0.5-­‐‑deg   cell   as   our  
investigated  response  variables,  while  predictor  variables  were  separated  into  3  
groups:   (a)   20   climate   variables,   (b)   12   soil   properties,   and   (c)   the   three-­‐‑
dimensional  spatial   features  derived  from  the  surface  elevation  data   (SRTM)  as  
well   as   the   spatial   autocorrelation   information   based   on   geographic  
latitude/longitude   information  of  each  grid  cell   (or  pixels)  using  SEVM  method  
(All   important   predictor   variables   in   the   spatial   regressions   are   listed   in   Table  
2.3).   Predictor   variables   were   normalized   using   standard   z-­‐‑scores,   so   that   all  
observations   should   have   zero-­‐‑mean   and   1-­‐‑standard-­‐‑deviation.   The  
normalization  procedure   ensures   that   the  magnitudes  of   regression   coefficients  
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are  comparable  between  different  features.  We  also  randomly  sampled  1000  0.5-­‐‑
deg   cells   in   America   to   make   the   sample   size   of   tropical   forested   areas  
comparable   to   the   other   two   continents   (we   have   in   total   986   and   1133   valid  
observations  in  Africa  and  Asia,  respectively).  
The  SEVM  method  needs  to  model  the  spatial  correlation  of  variables  as  a  
set   of   independent   variables.   To   achieve   this,  we   used   the   “Gabriel   Criterion”  
(Matula   and   Sokal,   1980)   to   build   the   first-­‐‑order   connectivity  matrix,   such   that  
the  correlations  between  neighboring  spatial  units  can  be  modeled  by  including  
the   short-­‐‑distance   between   the   units   as   a   variable.   The   choice   of   first-­‐‑order  
connectivity   was   determined   empirically   as   regression   residuals   of   the   data  
present   stronger   spatial   autocorrelations   at   smaller   distance   classes   (Mauricio  
Bini   et   al.,   2009).  We   then   included  SEVM  spatial   filters   as  an  additional   set  of  
predictor  variables,  and  selected  valid  filters  based  on  the  criterion  to  minimize  
the  Moran’s  I  value  (Moran,  1950)  of  regression  residuals.    
Since  multicollinearity  exists  in  our  predictor  variables,  we  used  a  model  
selection  procedure  based  on  Akaike   information  criterion   (AIC)   (Akaike,  1974;  
Quesada  et  al.,  2012)  to  remove  variables  that  are  highly  correlated.  We  divided  
our   predictor   set   into   3   subsets:   soil,   temperature,   and   precipitation.   Since   the  
correlation   between   subsets   should   be  much   less   than  multicollinearity  within  
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subset,  we   first   focused   on   removing   variables   that   are   highly   correlated  with  
other  variables  in  the  same  subset.  For  each  subset,  we  searched  for  models  with  
the  least  AIC  value  and  the  condition  number  (Belsley  et  al.,  2005)  smaller  than  
30.  We  further  searched  down  for  the  range  of  ΔAIC  <  6  (Burnham  et  al.,  2011)  to  
check  the  existence  of  potential  model  with  less  predictor  variables  and  smaller  
condition  number.  This  procedure  continued  iteratively  until  we  could  not  find  a  
better  model  or  when  the  condition  number  of  our  selected  model  was  already  
smaller   than  5.  After  we  obtained  3  best   subsets  of  predictor  variables   for  each  
continent,   the   combined   variables   were   screened   using   the   variance   inflation  
factor  (VIF)  for  detection  of  residual  multicollinearity,  and  we  manually  removed  
one  of  the  two  variables  that  have  VIF  values  large  than  10  (O’brien,  2007).  
The   procedure   for   the   model   selection   is   equivalent   to   the   feature  
reduction   using   techniques   such   as   principal   component   analysis   (PCA)   with  
minimal   information   loss.   Here   we   chose   to   preserve   the   original   predictor  
variables   in  model  selection,  allowing  direct   interpretation  of   regression  results  
compared  to  the  transformed  variables  selected  from  the  PCA  analysis.  We  also  
calculated   the   partial   R2   values   based   on   the   SEVM   results   to   assess   the  
individual  and  combined  contributions  of  climate,  soil,  and  geographical  features  
in   explaining   the   variability   of   forest   height.   The   final   set   of   environmental  
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variables  proved  useful  after  model  selection  procedure  of  both  TCHm  and  TCH90  
includes   12   soil   variables,   17   climatic   variables   and   2   topographic   variables  
(Table  2.3).  The  processing  steps  of  spatial  analysis  have  been  summarized  in  Fig.  
2.10.  
2.4  Results    
2.4.1  Spatial  Patterns  
The  macroscale  patterns  of  TCHm  shown  in  the  0.5-­‐‑deg  gridded  map  (Fig.  
2.4)   capture   the   known   large-­‐‑scale   variations   in   forest   structure   along   soil,  
elevation  and  climate  gradients  across  three  continents  (Saatchi  et  al.,  2011b).  The  
Amazon  region  shows  an  overall   lower  TCHm  and  TCH90   (Fig.  2.4  and  Fig.  2.5)  
than  the  forests  in  Africa  and  Asia,  with  a  large  fraction  of  forest  in  the  Amazon  
having  TCHm  between  25  and  35  meters.  Forests  in  the  central  drainage  system  of  
the  Amazon  basin,  distributed  west  of  Rio  Negro  and  the  north  and  south  of  the  
Solomois  River  have  on  average  2  meters  shorter  trees  than  forests  surrounding  
it.   The   tallest   forests,   prominently   visible   in   the   TCH90  map,   are   located   in   the  
central   east,   northeast,   and   the   southwest   Amazonia   in   the   state   of   Acre   and  
southern   Peru   (Fig.   2.5).   Tree   height   gradually   decreases   by   going   south   to  
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regions  near  the  arc  of  deforestation  and  fragmented  landscapes  or  in  transitional  
semi-­‐‑deciduous  forests  between  Amazonia  and  Cerrado.    
Tree   height   in   western   landscapes   of   the   Central   Africa,   particularly   in  
central  and  western  Gabon  grow  taller   than  most  regions   in  the  African  humid  
tropical  forests,  whereas  trees  in  the  central  Congo  Basin  are  on  the  average  2-­‐‑4  
m  lower  with  TCHm  ranging  between  28  and  30  meters  (Fig.  2.4).  Forests  in  Asia  
show   the   highest   TCHm   and   TCH90   of   all   continents,   especially   in   Malaysia,  
Kalimantan,  Papua  and  some  regions  of  Myanmar  with  TCHm  often  exceeding  32  
m  (Fig.  2.4)  and  TCH90  reaching  values  >  50  m  (Fig.  2.5)  on  the  average  in  the  grid  
cells.  
As   a   comparison,   we   created   a   stratified   map   separating   potential  
ecoregions  based  on  the  1-­‐‑km  gridded  data  of  soil,  ground  elevation,  land  cover,  
and  vegetation  fractional  cover  maps  (Section  2.4.2).  We  used  the  GLAS  LiDAR  
shots   in   each   strata   or   ecoregion   to   create   the  mean   TCH   (Fig.   2.9).   This  map  
shows   finer   features   and   variations   when   compared   to   the   gridded   TCH   of  
coarser   resolution   (Fig.   2.4),   and   also   has   an   advantage   of   capturing   the  mean  
TCH  under  similar  environmental  factors.  For  example,  inundated  forests  of  the  
central  Amazonia   and   along   the   river   systems  with   average   tree   height   of   less  
than   25   meters   are   separated   (Fig.   2.9),   while   similar   patterns   are   not   readily  
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visible  in  the  gridded  data  (Fig.  2.4).  On  the  other  hand,  any  spatial  variation  of  
TCH  at  pixel  level  vanishes  and  only  a  single  measure  exists  for  each  strata,  e.g.  
the   vast   region   of  western  Amazon   stratified   as   one   ecoregion  with   one  mean  
TCH,  comparing  to  the  gridded  map  (Fig.  2.4)  exhibiting  a  high  contrast  between  
the  north  and  the  south.  Although  the  ecoregion-­‐‑based  map  has  its  own  merits,  
we  decided   to  use   the  gridded  map   for   further  statistical  analyses   for   its  much  
larger  sample  size  (in  total  3119  gridded  cells  vs.  348  strata).  
2.4.2  Statistical  Analysis  
Using   spatial   regression  models,  we   estimated   the   tree  height  variations  
from  the  linear  combination  of  environmental  variables,  thus  explaining  the  first-­‐‑
order  changes  of  forest  tree  heights  with  climate,  soil  and  topographic  features.  
With   the   help   of   landscape   spatial   features   such   as   surface   elevation   and   the  
contextual   information  from  spatial  correlation  of  pixels,   the  model  can  explain  
63%   of   the   variations   in   mean   forest   height   (TCHm)   using   environmental  
variables   in   America   and  Africa,   and   about   68%   of   the   variation   in   Asia   (Fig.  
2.11).   For   the   variability   of   large   trees   represented   by   TCH90,   the   explanatory  
power  is  less  in  America  (60%),  while  the  model  performance  improved  in  Asia  
(72%).   The   residual   figures   show   that   there   is   still   a   slight   bias   toward  
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overestimation   of   short   trees   and   underestimation   of   tall   trees   using  
environmental  variables  and  regression  model.  Nevertheless,  these  spatial-­‐‑based  
analyses   successfully   remove   spatial   autocorrelations   (Fig.   2.12)   between  
geographically   close   pixels,  which   can  help   to   correctly   interpret   the   results   of  
statistical   regressions   between   forest   height   and   various   environmental   inputs.  
From  partial  linear  regressions  using  SEVM,  both  TCHm  and  TCH90  are  found  to  
be   mostly   influenced   by   the   landscape   spatial   features.   The   climate   and   soil  
together   explain   more   than   30%   of   the   variations   in   forest   height   (31%   in  
America,  30%  in  Africa,  and  47%  in  Asia),  with  climate  variables  having  slightly  
higher  explanatory  power  than  soil  properties  (Fig.  2.13).  
2.4.4  Environmental  Controls  
We   identified   environmental   variables   that   are   significantly   correlated  
with  spatial  variations  of  TCH  (Tables  2.4  and  2.5).  Among  climate  variables,  the  
bioclimatic  stress  variable  E  shows  high  sensitivity  to  TCH90  variations  across  all  
continents,  whereas   it   shows   less   significant   sensitivity   to   variations   of   TCHm.  
The   importance   of   seasonality   of   climate   in   explaining   tree   height   growth   and  
spatial   variations   are   shown   in   terms   of   different   precipitation   variables.   For  
American   and  African   forests,   precipitation   of   driest   quarter   is   correlated  with  
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variations   of   TCH90   suggesting   strong   influence   on   tree   growth.   In   Asia,   the  
seasonality  of  precipitation   is  negatively  correlated  with  TCH90   indicating  taller  
forests   growing   in   areas   with   more   climate   stability   throughout   the   year   and  
with   less   seasonality.   Seasonality   of  precipitation  has   slightly   less   effect   on   the  
average   forest  height   (TCHm)  except   in  Asia  with  similar  explanatory  power  as  
for  TCH90.    
Terrain   elevation  heterogeneity   or   ruggedness   represented   by   STRM  SD  
variable  is  positively  correlated  with  TCH  variation  across  all  continents  in  both  
methods,   indicating   that   the   ruggedness   is   much   more   important   than   the  
average   ground   elevation   in   tree   height   distributions.   This   variable   strongly  
influenced   the   distribution   of   dominant   forest   height   (TCH90)   in   America   and  
Africa   and   has   the   largest   coefficient   compared   to   other   predictor   variables  
(Table   2.5).   However,   the   same   is   not   true   about   TCHm,   expect   with   some  
statistical   significance   in   Africa,   suggesting   that   moderate   ruggedness   of   the  
landscape  impact  the  dominant  tree  height  more  than  the  average  height.  
Soil   properties   have   less   influence   on   variations   of   TCH   compared   to  
either   the   climate  or   the  geographical   features.  However,   individual  properties  
present   nonnegligible   impacts   on   TCH   variations.   Clay   content,   as   a   physical  
structural   property   of   soil,   exhibits   a   significantly   positive   relationship   to   both  
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TCH  metrics   in   all   continents.   Cation-­‐‑exchange   capacity   (CEC),   a   well-­‐‑known  
chemical   property   and   a  measure   of   soil   fertility,   is   also   a   significant   factor   in  
Africa   and   Asia   for   TCHm,   and   in   America   and   Asia   for   TCH90.   A   general  
chemical  measure,   pH  value,   shows   significant   but   completely   opposite   effects  
on   TCH   metrics   in   America   than   other   continents,   with   pH   value   negatively  
correlated   to  TCHm   and  TCH90   in  Americas,   but   positively   correlated   in  Africa  
and  Asia.  For  other  soil  biological  properties,  we  find  that  the  soil  organic  carbon  
(OC)  content  has  a  strong  negative  correlation  on  TCH  metrics  in  America,  while  
it  shows  positively  correlated  with  TCHm  in  Africa,  and  less  clear  in  Asia.  
2.5  Discussion  
Results  from  our  study  suggest  that  mean  annual  properties  of  climate  in  
humid  tropical  regions  such  as  annual  mean  and  total  precipitation  do  not  exert  
any  significant  control  or  limit  both  the  mean  and  90  percentile  of  forest  canopy  
height   across   the   three   continents.   Similarly,   annual  mean   temperature   has   no  
significant   effect   on   the  mean   tree   height   variations.  Our   findings   suggest   that  
the   spatial   distribution   of  mean   canopy   structure   in   humid   tropical   forests   are  
not   strongly   dependent   on   the   mean   climate   characteristics.   Although   the  
relationship   between   TCH   metrics   and   annual   precipitation   (Fig.   2.14)  
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demonstrate   that   TCH   metrics   increase   with   rainfall   within   a   certain  
precipitation  range  (1000  mm  to  2000  mm),  particularly  in  the  American  forests,  
most   observations   from   humid   tropical   forests   are   located   in   the   plateau   area  
(precipitation   >   2000  mm),   thus  making   these  mean/total   climate   variables   less  
important   compared   to   other   climate   variables   such   as   seasonality   parameters  
and   extreme   values.   Note   that   in   the   model   selection   process,   mean   climate  
variables   were   rarely   included   as   important   predictor   variables   (except   in   the  
case  of  TCHm  in  America).    
Climate  seasonality  is  one  of  the  major  factors  regulating  the  maximum  or  
dominant   forest   height   represented   by   TCH90   (Tables   2.5).   Particularly,   the   E  
variable  representing  the  water  deficit,  ranks  4th  in  America,  2nd  in  Africa,  and  
2nd  in  Asia  as  the  set  of  predictor  variables  (excluding  the  spatial  features)  in  the  
SEVM  approach.  The  water  deficit   (E  variable)  also  has  a   significant   impact  on  
the   TCHm   in   America   and   Africa.   Precipitation   Seasonality,   replacing   the   E  
variable  in  Asia,  is  found  to  be  the  important  factor  influencing  the  forest  mean  
height  (Table  2.4).  By  plotting  the  TCH  metrics  directly  against  the  E  factor  (Fig.  
2.15),  we  found  a  consistently  negative  relationship  in  either  America  or  Africa,  
but  a  less  clear  pattern  in  Asia,  suggesting  that  water  deficit  plays  a  key  control  
in  distribution  of  tree  height  in  continental  tropical  forests.  The  island  geography  
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in  southeast  Asia  moderates  the  temperature  seasonality  (Laing  and  Evans,  2011)  
while  still  provides  vital  seasonal  rainfalls  from  monsoon  phenomenon  (Bloom  et  
al.,   1998),   so   that   the   precipitation   seasonality   has   a   larger   influence   and  
dominates   the   changes   of   E   variable   in   Asia.   Our   study   suggests   that   at   the  
macroscale,  the  seasonal  variation  of  climate,  particularly  precipitation-­‐‑related,  is  
one  of  the  most  important  factors  linearly  relating  to  mean  and  dominant  forest  
height  as  forest  structural  traits.  
Spatial   regression   results   also   show   that   the   extreme   values   of  
precipitation  (P  coldest  Q,  P  warmest  Q,  P  driest  M,  P  driest  Q  and  P  wettest  M)  
are  more   important   than   the   extreme   values   of   temperature   (M   T  warmest  Q,  
Max  T  warmest  m,  M  T  driest  Q,  and  Min  T  coldest  m)  in  macroscale  patterns  of  
mean  forest  height  in  tropics  (Tables  2.4  and  2.5).  Partial  R2  results  of  TCHm  show  
that  the  extreme  values  of  precipitation  can  explain  4  to  12  times  more  than  the  
extreme   values   of   temperature   in  America   and  Asia,  while   the   extreme   values  
play  an  equal  role  in  African  forests.  This  result  confirms  that  tropical  forests  are  
more  sensitive   to  precipitation-­‐‑related  extreme  events,   such  as  droughts,   rather  
than  temperature-­‐‑induced  events  in  their  present  condition  (Saatchi  et  al.,  2013).  
However,  this  does  not  necessarily  imply  that  changes  in  future  temperature  due  
to  climate  warming  do  not  have  any  adverse  effects  on  tropical   forest   function.  
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There   are   strong   evidence   that   climate  warming   is   associated  with   changes   of  
precipitation   seasonality   and   drier   conditions   with   strong   influence   of   the  
patterns  and  processes  that  sustain  tropical  forests  (Malhi  et  al.,  2009;  Cox  et  al.,  
2013;   Huntingford   et   al.,   2013).   In   fact,   the   gridded   maximum   height   of   the  
forests   when   used   as   a   surrogate   for   the   maximum   attainable   height   of   tree  
population  in  the  forest,  may  be  strongly  related  to  demographic  trade-­‐‑offs  and  
the  recruitment  rate  efficiency,  together  reflecting  the  investments  for  hydraulic  
conductance   of   forests   in   the   region   (Kohyama   et   al.,   2003;   Poorter,   2009).  
Sensitivity  of  the  maximum  height  trait  to  climate  over  the  tropics  suggests  that  
changes  of  the  climate,  particularly  precipitation  seasonality  may  directly  impact  
demographical   trade-­‐‑offs   such  as  mortality  and  recruitment   rates.  These  effects  
will   potentially   change   the   tree   composition  by   emphasizing   the   abundance   of  
trees  with  more   efficient   hydraulic   conductivity   and  possibly   shorter   in   height  
(Engelbrecht  et  al.,  2007).    
Recent   studies   of   modeling   efforts   on   the   prediction   of   tropical   forest  
biomass  and  productivity  always  present  a  biased  estimation  of   large  trees  due  
to  the  limited  or  simplified  resource  information  regulating  the  growth  of  forest  
(Enquist   et   al.,   2009).  We   thus   included   the   soil  properties   in  our   analyses   and  
attempted  to  find  evidences  of  edaphic  controls  on  tropical  tree  height.  Although  
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the   overall   importance   of   soil   on  TCH   is   approximately   half   of   that   of   climate  
(Fig.   2.13),   the   TCH   variations   are   statistically   related   to   the   changes   of   soil  
properties.   In   all   regression   results,   TCHm   and   TCH90   show   a   significantly  
positive  relationship  to  the  soil  physical  property  –  clay  content  of  either  topsoil  
or  subsoil.  The  results  support  the  typical  functionality  of  clay  content  in  soil  that  
(1)  it  has  a  relatively  large  nutrient  capacity;  (2)  it  can  hold  enough  water  for  root  
absorption,   and   (3)   it   potentially   has   the   structural   strength   to   fix   the   roots   of  
large  trees  (Schulte  and  Ruhiyat,  1998).  The  one-­‐‑to-­‐‑one  relationships  of  TCH  and  
soil  physical  property  demonstrate  a  positive  trend  of  TCH  with  clay  content  in  
America,  as  well  as  a  negative  relationship  between  TCH  and  sand  in  Africa  and  
Asia  (Fig.  2.16).  We  plotted  sand  instead  of  clay  content  in  Africa  and  Asia  due  to  
the  fact  that  clay  content  has  less  dynamic  ranges  in  these  two  continents.  But  the  
variation   of   sand   content   should   compensate   the   changes   of   clay,   as   sand,   silt  
and  clay  together  describe  the  soil  texture.  Another  significant  control  of  the  soil  
is   the   negative   relationship   between   TCHm   and   the   soil   fertility   –   CEC.   It   is  
seemingly   counterintuitive,   that   mature   forests   with   taller   trees   are   actually  
located   on   less   fertile   soil.   But,   the   result   is   corroborated   by   several   previous  
findings  in  the  Amazon  basin  –  forests  with  largest  above  ground  biomass  occur  
on  relatively  poor  soils  (Quesada  et  al.,  2012).  Although  the  total  CEC  may  not  be  
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an   ideal   indicator   of   fertility   due   to   the   inclusion   of   aluminum,   such   negative  
relationship  can  potentially  be  explained  by  the  faster  turnover  rates  for  forests  
with   high   soil   fertility   (Quesada   et   al.,   2012).   By   contrast,   we   found   positive  
relationships  between  pH  values  and  TCHm  both  Africa  and  Asia,   though  CEC  
should  be  highly  dependent  on   the  pH  values.  We  also   found   this  behavior  of  
pH  by  plotting  the  one-­‐‑to-­‐‑one  relationships  of  TCH  vs  pH  values  (Fig.  2.17).  The  
underlying   reasons   for   these   differences   remain   unclear.   Possible   explanation  
could  be  that  the  forests  in  Africa  and  Asia  are  in  favor  of  the  basic  environment  
to  allow  more  base  cations  (Ca,  Mg,  K  and  Na)  rather  than  Al  and  H+  ions  under  
high  acidity,  which  may  be  explained  by   the   less   factions  of  Ferralsol   found   in  
Africa  and  Asia  (Richter  and  Babbar,  1991).  If  we  consider  the  combined  effect  of  
pH  and  CEC  as  the  indicator  of  the  soil  fertility,  then  similar  observations  on  the  
continental  differences  have  been  reported  in  other  studies  (Slik  et  al.,  2010).  The  
last   soil   factor   that   can   explain   the   TCH   distribution   at   macroscale   is   the   soil  
organic  carbon  (OC).  Interestingly,  the  sensitivity  of  OC  to  TCH  varies  continent  
by   continent.   In   America,   OC   is   negatively   related   to   both   TCHm   and   TCH90,  
while   it   is  positively   correlated   to  TCHm   in  Africa.  And   these   relationships   are  
less  obvious  for  the  TCH90  in  either  Africa  or  Asia.  
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The   last   control   variable   on   forest   structure   we   tested   is   ground  
topography.  Higher  elevation  usually  indicates  lower  temperature  and  probably  
less  water  availability,   leading  to  a  high  possibility  of  resource   limitation.  Thus  
SRTM  is  expected  to  show  a  negative  relationship  to  TCH  metrics,  like  what  we  
found  in  Tables  2  and  3  for  most  of  the  SRTM  numbers.  However,  most  of  them  
are  not  significant,  either  meaning   the  mean  ground  elevation   is  not  one  of   the  
major  drivers  for  TCH  prediction,  or  insufficient  data  range  due  to  the  fact  that  
most  observations  are  from  low-­‐‑elevation  inundated  forests.  On  the  contrary,  the  
standard  deviation  of  ground  elevation  (SRTM  SD)  consistently  shows  a  positive  
relationship   to   either  TCHm  or  TCH90   and   statistically   significant   in  Africa   and  
America,   indicating   that   the   surface   ruggedness   is   more   important   in   finding  
taller   trees,  or  old  and   tall   trees  are  better  preserved   in  hard-­‐‑reaching   (rugged)  
area.  Such  regional  differences   imply   that  areas  with  moderate   topography  can  
produce   a   higher   overall   carbon   stock   probably   due   to   its   large   variation   in  
resource  supply.  
In  our  analysis  the  underestimation  of  TCH  using  climate-­‐‑only  data  is  not  
resolved.   In   fact,   we   can   see   both   underestimation   of   high   TCH   and  
overestimation   of   low   TCH,   suggested   by   the   regressions   analyses   (Fig.   2.11).  
This   is   probably   due   to:   (1)   land   use   changes   creating   heterogeneous   and  
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fragmented   landscapes  with  variations   in   tree  height  at  small  scale   that  are  not  
captured   by   the   land   cover   map   but   can   be   detected   by   LiDAR   footprints.  
Although   we   filtered   the   GLAS   LiDAR   based   on   the   land   cover   types,   but   a  
significant   number   of   GLAS   footprints   over   fragmented   landscapes   may   still  
remain   in   the  mix.   (2)   there   are   other   controls   not   considered   in   this   analysis,  
such   as   disturbances   including   logging,   disease   and   wildfires,   that   drive   the  
growth  of  tall  trees  .  Essentially,  tree  height  is  related  to  its  age,  especially  when  
the   tree   is   not  mature   yet.   The   forest   turnover   rate   is   high   in   areas  where   it   is  
easily  accessible  (close  to  road,  river,  population,  or  in  low  elevation)  (He  et  al.,  
2011).  Given   the   same   conditions   of   climate,   soil   and   topographic   features,   the  
areas   with   high   disturbances   could   have   lower   tree   heights   that   are   not  
detectable  from  our  current  regression  model.  
In   order   to  have   a   comparative   analysis   to   show   consistencies   of   spatial  
regression   results,   we   performed   another   spatial   regression   method:   the  
generalized   least   squares   (GLS  or  Kriging/Geostatistical   regression)   approach  –  
modeling  the  spatial  autoregression  using  semi-­‐‑variagrams  and  transferring  the  
spatial   information   into   error   terms   (F.   Dormann   et   al.,   2007;   Hernández-­‐‑
Stefanoni  et  al.,   2011).  Like  SEVM,  GLS   is  also   statistically   rigorous  and  aim   to  
retrieve  the  best   linear  unbiased  estimators  of  regression  coefficients.  Following  
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the  same  procedure  of  SEVM,  we  summarized  our  GLS  results  in  Fig.  2.18,  and  
Tables  2.6  and  2.7.  
  
     
   
44 
  
Figure  2.1.   Systematic   sampling  of  GLAS  LiDAR  shots  over   tropics.  The  upper  
panel  is  pan-­‐‑tropical,  the  lower  left  panel  is  the  region  of  South  America,  and  the  
lower   right   panel   is   the   enlarged   blue   rectangle   showing   the   details   of   GLAS  
tracks  in  the  lower  left  panel  
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(A).  Amazon  
  
  
(B).  Africa  
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(C).  Asia  
  
Figure  2.2.  Compassion  of  vertical  profiles  between  GLAS  points  and  associated  
Airborne  LIDAR  points  in  three  continents:  (A)  Amazon;  (B)  Africa;  (C)  Asia.  The  
red  lines  represent  the  profiles  of  GLAS  waveforms,  and  the  black  lines  are  the  
profiles  derived  from  Airborne  LIDAR  data.  Airborne  LiDAR  data  were  collected  
from   different   ecological   campaigns   and   the   vertical   profiles   were   calculated  
from   the   aggregation   of   DTM   (digital   terrain   model)   products   under   the  
footprints  of  GLAS  shots.    
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Figure  2.3.  Vertical  profile  of  the  GLAS  footprints  in  three  continents.  The  upper  
panel   shows   the   locations   of   the   selected   GLAS   shots   in   three   continents   (the  
small   red   circles).   The   lower   panel   is   the   vertical   profiles   in   Amazon   (left),   in  
Africa  (central),  and  in  Asia  (right).    
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Figure  2.4.  TCHm  calculated  from  GLAS  dataset  in  0.5-­‐‑deg  resolution.  (A)  TCHm  
of  South  America;  (B)  TCHm  of  Central  Africa;  and  (C)  TCHm  of  Southeast  Asia.  
Pixels   were   colored  white   and  marked   invalid   if   there   are   less   than   50   GLAS  
points  available  in  each  pixel.  
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Figure  2.5.  TCH90  calculated  from  GLAS  dataset  in  0.5-­‐‑deg  resolution.  (A)  TCH90  
of  South  America;  (B)  TCH90  of  Central  Africa;  and  (C)  TCH90  of  Southeast  Asia.  
Pixels   were   colored  white   and  marked   invalid   if   there   are   less   than   50   GLAS  
points  available  in  each  pixel.  
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Figure  2.6.  Relationship  between  TCHm  using  all  GLAS  points   and  TCHm   from  
random  sampling.  The   left  panel   is   the  scatterplot   from  America,  and   the   right  
panel  is  the  scatterplot  from  Asia.  
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Figure  2.7.  The  tropical  soil  classification  map  that  combines  FAO  74  and  FAO  94  
attributes  from  HWSD  database  (see  Table  2.1).  
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Figure  2.8.  Diagram  of  the  ecoregion  classification.  The  number  in  the  rectangle  is  
the  number  of   soil   types.  The  range   in   the   rhombus  separates  each  soil   type   to  
further  refined  soil  types  based  on  ground  elevation  and  land  cover.    
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Figure   2.9.  Mean   TCH   calculated   from  GLAS   dataset   Based   on   Soil   types.   (A)  
TCHm   of   America;   (B)   TCHm   in   the   purple   rectangle   of   panel   A;   (C)   TCHm   of  
Africa;  and  (D)  TCHm  in  the  Asia.  Pixels  were  colored  white  and  marked  invalid  
if  there  are  less  than  100  GLAS  points  available  in  each  soil  type  
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Figure   2.10.  Diagram  of   the  processing   steps   of   spatial   regression   analysis   (see  
section  2.3.3).  
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Figure   2.11.   Spatial   regression   of   tropical   forests   in   America,   Africa   and   Asia  
between  TCHm  and  all  the  selected  environmental  variables.    
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Figure   2.12.   Spatial   autocorrelations   in   terms   of   Moran’s   I.   “Original”   curves  
show   spatial   autocorrelations   existing   in   the   original   TCHm   data   in   America  
(upper   panels),   Africa   (central   panels)   and   Asia   (lower   panels).   “Estimated”  
curves   show   the   predicted   TCHm   from   spatial   regression   results   of   SEVM   and  
GLS,   while   the   “Residual”   curves   show   results   of   spatial   regressions   that  
successfully  remove  the  spatial  effects.    
  
     
   
57 
  
Figure   2.13.   Contributions   of   soil,   climate   and   spatial   features   to   forest   tree  
heights   in   terms   of   partial   R2.   In   the   “Topo”   columns,   we   included   spatial  
(geographic   latitude/longitude)   information   together   with   the   terrain   data  
(SRTM  and  SRTM_SD).  
    
     
   
58 
  
Figure  2.14.  Tree  height  (TCHm  and  TCH90)  variations  with  Annual  Precipitation.  
The   selection   of   Annual   Precipitation   here   is   shown   as   an   example   of   height  
variations  with  the   insignificant  variable.  The  height  metrics  are  binned  into  20  
groups  along  the  Precipitation  axis  to  get  the  mean  and  standard  deviation.  
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Figure  2.15.  Tree  height  (TCHm  and  TCH90)  variations  with  E  factor.  The  E  factor  
is  one  of  the  most  significant  climate  variables  in  the  spatial  regression  results  of  
TCH90  across  all  continents.  The  height  metrics  are  binned  into  20  groups  along  
the  E  factor  axis  to  get  the  mean  and  standard  deviation.  
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Figure   2.16.   Tree   height   (TCHm   and   TCH90)   variations   with   soil   physical  
properties.  The  clay  content  in  America  and  sand  content  in  Africa  and  Asia  are  
selected  as  they  are  all  significant  variables  in  the  spatial  regression  results.  The  
height  metrics  are  binned   into  20  groups  along   the  X   axis   to  get   the  mean  and  
standard  deviation.  
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Figure  2.17.  Tree  height   (TCHm  and  TCH90)  variations  with  soil  pH  values.  The  
height  metrics  are  binned  into  20  groups  along  the  pH  value  axis  to  get  the  mean  
and  standard  deviation.  
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Figure  2.18.  Spatial  regression  results  using  GLS  for  tropical  forests  in  America,  
Africa  and  Asia  between  TCHm  and  all  the  selected  environmental  variables.    
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Table  2.1.  Soil  classification  used  in  the  ecoregion  stratification  in  the  tropics.    
Soil  
Value  
Soil  Class  Type   Description  of  Soil  Class  Type  
1   ACRISOLS  (AC)       Soils  with   subsurface   accumulation   of   low   activity   clays  
and  low  base  saturation    
2   ALISOLS  (AL)     Soils  with  sub-­‐‑surface  accumulation  of  high  activity  clays,  
rich  in  exchangeable  aluminum    
3   ANDOSOLS  (AN)     Young  soils  formed  from  volcanic  deposits    
4   ANTHROSOLS  
(AT)    
Soils  in  which  human  activities  have  resulted  in  profound  
modification  of  their  properties    
5   ARENOSOLS  (AR)     Sandy  soils  featuring  very  weak  or  no  soil  development    
6   CALCISOLS  (CL)     Soils  with  accumulation  of  secondary  calcium  carbonates    
7   CAMBISOLS  (CM)     Weakly  to  moderately  developed  soils    
8   CHERNOZEMS  CH)     Soils  with  a  thick,  dark  topsoil,  rich  in  organic  matter  with  
a  calcareous  subsoil    
9   FERRALSOLS  (FR)     Deep,  strongly  weathered  soils  with  a  chemically  poor,  but  
physically  stable  subsoil    
10   FLUVISOLS  (FL)     Young  soils  in  alluvial  deposits    
11   GLEYSOLS  (GL)     Soils   with   permanent   or   temporary   wetness   near   the  
surface    
12   GREYZEMS  (GR)     Acid  soils  with  a  thick,  dark  topsoil  rich  in  organic  matter    
13   GYPSISOLS  (GY)     Soils  with  accumulation  of  secondary  gypsum    
14   HISTOSOLS  (HS)     Soils  which  are  composed  of  organic  materials    
15   KASTANOZEMS  
(KS)    
Soils   with   a   thick,   dark   brown   topsoil,   rich   in   organic  
matter  and  a  calcareous  or  gypsum-­‐‑rich  subsoil    
16   LEPTOSOLS  (LP)     Very   shallow   soils   over   hard   rock   or   in   unconsolidated  
very  gravelly  material    
17   LIXISOLS  (LX)     Soils   with   subsurface   accumulation   of   low   activity   clays  
and  high  base  saturation    
18   LUVISOLS  (LV)     Soils  with   subsurface   accumulation   of   high   activity   clays  
and  high  base  saturation    
19   NITISOLS  (NT)     Deep,   dark   red,   brown   or   yellow   clayey   soils   having   a  
pronounced  shiny,  nut-­‐‑shaped  structure    
20  
  
PHAEOZEMS  (PH)     Soils  with  a  thick,  dark  topsoil  rich   in  organic  matter  and  
evidence  of  removal  of  carbonates    
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21   PLANOSOLS  (PL)     Soils  with  a  bleached,  temporarily  water-­‐‑saturated  topsoil  
on  a  slowly  permeable  subsoil    
22   PLINTHOSOLS  (PT)     Wet   soils  with   an   irreversibly  hardening  mixture   of   iron,  
clay  and  quartz  in  the  subsoil    
23   PODZOLS  (PZ)     Acid   soils   with   a   subsurface   accumulation   of   iron-­‐‑
aluminum-­‐‑organic  compounds    
24   PODZOLUVISOLS  
(PD)    
Acid  soils  with  a  bleached  horizon  penetrating  into  a  clay-­‐‑
rich  subsurface  horizon    
25   REGOSOLS  (RG)     Soils  with  very  limited  soil  development    
26   SOLONCHAKS  
(SC)    
Strongly  saline  soils    
27   SOLONETZ  (SN)     Soils  with  subsurface  clay  accumulation,  rich  in  sodium    
28   VERTISOLS  (VR)   Dark-­‐‑coloured  cracking  and  swelling  clays  
29   LITHOSOLS   US  a  type  of  azonal  soil  consisting  chiefly  of  unweathered  
or   partly   weathered   rock   fragments,   usually   found   on  
steep  slopes  
30   RENDZINAS   a  dark,  grayish-­‐‑brown,  humus-­‐‑rich,  intrazonal  soil  
31   RANKERS     soils  developed  over  non-­‐‑calcareous  material,  usually  rock  
32   YERMOSOLS     semi-­‐‑desert  gray  soil  arid  region  
33   XEROSOLS     Soils   containing   low   organic  matter;   the   top   layer   is   of   a  
light   color,   and   underlying   layers   may   contain   clayish  
and/or  salt  minerals  such  as  carbonates  and  sulphates.  
34   Rock  Outcrops(RK)     
35   Sand  Dunes(DS)     
36   Water  Bodies  (WR)     
37   Urban   ,mining,etc  
(UR)  
  
38   Glaciers(GG)     
39   No  data  (NI)     
40   IS     
41   HD     
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Table  2.2.  Separation  of  Ferralsols  soil  type  into  7  classes  in  the  African  forests.    
Soil  Value   Soil  Type  
1   Haplic  Ferralsols  (FRh)  
2   Xanthic  Ferralsols  (FRx)  
3   Rhodic  Ferralsols  (FRr)  
4   Humic  Ferralsols  (FRu)  
5   Geric  Ferralsols  (FRg)  
6   Plinthic  Ferralsols  (FRp)  
7   Orthic  Ferralsols  (Fo)  
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Table  2.3.  Soil  properties,  bioclimatic  variables,  and  geographical  features  used  in  
the   spatial   regressions.   All   values   of   soil   properties   were   extracted   from   the  
HWSD  database,  and  averaged  into  0.5°x0.5°  pixel  resolution.  
Soil  property   Description   Unit  
CEC_T/CEC_S   Topsoil  /Subsoil  CEC  in  the  soil   Cmol  kg-­‐‑1  
SLIT_T/SLIT_S   Topsoil/Subsoil  Silt  Fraction   %  
OC_T/OC_S   Topsoil  Organic  Carbon   %  weight  
CLAY_T/CLAY_S   Topsoil/Subsoil  Clay  Fraction   %  
PH_T/PH_S   Topsoil/Subsoil  PH  (H2O)   Unitless  
SAND_T/SAND_S   Topsoil/Subsoil  Sand  Fraction   %  
M  Diurnal  Range   Mean  of  monthly  (max  temp  -­‐‑  min  temp)   °C  *  10  
Isothermality   Mean  Diurnal  Range/Temp  Annual  Range   Unitless  
T  Annual  Range   Max  temp  of  warmest  Month-­‐‑Min  temp  of  coldest  month     °C  *  10  
M  T  wettest  Q   Mean  Temperature  of  Wettest  Quarter   °C  *  10  
Max  T  warmest  m   Min  Temperature  of  Warmest  Month   °C  *  10  
Min  T  coldest  m   Min  Temperature  of  Coldest  Month   °C  *  10  
Annual  M  T   Annual  Mean  Temperature   °C  *  10  
T  seasonality   Temperature  Seasonality  (Coefficient  of  Variation)   Unitless  
M  T  driest  Q   Mean  Temperature  of  Driest  Quarter   °C  *  10  
M  T  warmest  Q   Mean  Temperature  of  Warmest  Quarter   °C  *  10  
P  seasonality   Precipitation  Seasonality  (Coefficient  of  Variation)   Unitless  
P  driest  Q   Precipitation  of  Driest  Quarter   mm  
P  warmest  Q   Precipitation  of  Warmest  Quarter   mm  
P  coldest  Q   Precipitation  of  Coldest  Quarter   mm  
Annual  P   Annual  Precipitation   mm  
P  wettest  Q   Precipitation  of  Wettest  Quarter   mm  
E   Bioclimatic  stress  variable  (Chave  et  al.,  2014)   Unitless  
SRTM   Mean  ground  elevation  from  SRTM   m  
SRTM  SD   Standard  deviation  of  ground  elevation  from  SRTM   m  
LCF   Linear  combination  of  spatial  filters  retrieved  from  SEVM   m  
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Table  2.4.  Spatial  regression  results  using  SEVM  method  for  TCHm.  
America   Africa   Asia  
Variable   Coeff.   Variable   Coeff.   Variable   Coeff.  
CEC_T   -­‐‑0.004   CEC_T   -­‐‑0.312  ***   CEC_S   -­‐‑0.267  ***  
SILT_S   -­‐‑0.063  *   SILT_T   -­‐‑0.007   CLAY_T   0.167  ***  
OC_T   -­‐‑0.168  ***   OC_T   0.231  ***   PH_T   0.185  ***  
OC_S   -­‐‑0.117  ***   CLAY_S   0.079  *   SAND_S   -­‐‑0.15  ***  
CALY_S   0.226  ***   PH_T   0.155  ***   E   -­‐‑0.062  
PH_T   -­‐‑0.109  ***   E   -­‐‑0.31  ***   M  Diural  Range   0.07  
SAND_T   0.126  **   T  Seasonality   0.237  ***   Max  T  warmest  m   -­‐‑0.045  
SAND_S   -­‐‑0.015   Max  T  warmest  m   0.042   P  seasonality   -­‐‑0.303  ***  
E   -­‐‑0.195  ***   T  Annual  Range   -­‐‑0.108  *   P  wettest  Q   0.071  
Isothermality   -­‐‑0.068   P  seasonality   -­‐‑0.245  ***   P  warmest  Q   0.176  ***  
T  Annual  Range   -­‐‑0.35  ***   P  warmest  Q   -­‐‑0.013   STRM   -­‐‑0.02  
M  T  warmest  Q   -­‐‑0.035   P  coldest  Q   -­‐‑0.197  ***   STRM  SD   0.072  
Annual  P   0.025   STRM   -­‐‑0.148  *   LCF   0.504  ***  
P  seasonality   -­‐‑0.151  ***   STRM_SD   0.365  ***        
P  warmest  Q   0.131  ***   LCF   0.718  ***        
P  coldest  Q   -­‐‑0.279  ***              
STRM   -­‐‑0.002              
STRM  SD   0.03              
LCF   0.591  ***              
*  p-­‐‑Value  <  0.05;  **  p-­‐‑Value  <  0.01;  ***  p-­‐‑Value  <  0.001  
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Table  2.5.  Spatial  regression  results  using  SEVM  method  for  TCH90.  
America   Africa   Asia  
Variable   Coeff.   Variable   Coeff.   Variable   Coeff.  
CEC_S   0.056  *   CEC_T   -­‐‑0.086   CEC_S   -­‐‑0.179  **  
OC_T   -­‐‑0.185  ***   SILT_S   0.091  *   OC_T   -­‐‑0.098  
OC_S   -­‐‑0.129  ***   OC_S   -­‐‑0.036   CLAY_T   0.128  **  
CLAY_S   0.175  ***   CLAY_S   0.122  **   PH_T   0.126  ***  
PH_T   -­‐‑0.118  ***   PH_T   0.013   SAND_T   -­‐‑0.088  **  
SAND_T   0.156  ***   SAND_S   0.122  ***   E   -­‐‑0.378  ***  
E   -­‐‑0.168  ***   E   -­‐‑0.321  ***   M  Diural  Range   -­‐‑0.186  ***  
Max  T  warmest  m   -­‐‑0.068   Max  T  warmest  m   0.057   Min  T_Coldest  m   -­‐‑0.584  ***  
M  T  driest  Q   -­‐‑0.031   T  Annual  Range   0.004   P  seasonality   -­‐‑0.283  ***  
P  driest  M   0.16  ***   P  westtest  M   -­‐‑0.071   P  warmest  Q   0.156  ***  
P  wettest  Q   -­‐‑0.009   P  driest  Q   -­‐‑0.245  ***   STRM   -­‐‑0.006  
STRM   -­‐‑0.031   P  warmest  Q   0.202  ***   STRM  SD   0.093  
STRM  SD   0.219  ***   STRM   -­‐‑0.051   LCF   0.519  ***  
LCF   0.572  ***   STRM  SD   0.473  ***        
      LCF   0.531***        
*  p-­‐‑Value  <  0.05;  **  p-­‐‑Value  <  0.01;  ***  p-­‐‑Value  <  0.001  
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Table  2.6.  Spatial  regression  results  using  GLS  method  for  TCHm.  
TCHm  (GLS)  
America   Africa   Asia  
Variable   Coeff.   Variable     Coeff.     Variable   Coeff.  
CEC_T   -­‐‑0.12*   CEC_T   -­‐‑0.262  *   CEC_S   -­‐‑0.236  ***  
SILT_S   -­‐‑0.08  *   SILT_T   0.08   CLAY_T   0.185  **  
OC_T   -­‐‑0.09   OC_T   0.253  **   PH_T   0.131  **  
OC_S   -­‐‑0.11  **   CLAY_S   0.055   SAND_S   -­‐‑0.092  *  
CALY_S   0.164  ***   PH_T   0.142  *   E   -­‐‑0.11  
PH_T   -­‐‑0.11  **   E   -­‐‑0.295  **   M  Diural  Range   0.076  
SAND_T   0.196  ***   T  Seasonality   0.208   Max  T  warmest  m   -­‐‑0.08  
SAND_S   -­‐‑0.05   Max  T  warmest  m   -­‐‑0.073   P  seasonality   -­‐‑0.364  ***  
E   -­‐‑0.09   T  Annual  Range   0.009   P  wettest  Q   0.153  
Isothermality   0.016   P  seasonality   -­‐‑0.05   P  warmest  Q   0.216  *  
T  Annual  Range   -­‐‑0.04   P  warmest  Q   -­‐‑0.05   STRM   -­‐‑0.037  
M  T  warmest  Q   -­‐‑0.05   P  coldest  Q   -­‐‑0.206  *   STRM  SD   0.051  
Annual  P   0.072   STRM   0.035  
     P  seasonality   -­‐‑0.14  *   STRM  SD   0.154  *  
     P  warmest  Q   <.001  
           P  coldest  Q   -­‐‑0.04  
           STRM   -­‐‑0.08  
           STRM  SD   0.1    
           *  p-­‐‑Value  <  0.05;  **  p-­‐‑Value  <  0.01;  ***  p-­‐‑Value  <  0.001  
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Table  2.7.  Spatial  regression  results  using  GLS  method  for  TCH90.  
TCH90  (GLS)  
America   Africa   Asia  
Variable       Coeff.     Variable   Coeff.   Variable   Coeff.  
CEC_S   -­‐‑0.074   CEC_T   0.02   CEC_S   -­‐‑0.171  *  
OC_T   -­‐‑0.143  ***   SILT_S   <.001   OC_T   -­‐‑0.071  
OC_S   -­‐‑0.126  ***   OC_S   -­‐‑0.014   CLAY_T   0.139  *  
CLAY_S   0.149  ***   CLAY_S   0.033   PH_T   0.105  *  
PH_T   -­‐‑0.109  **   PH_T   0.047   SAND_T   -­‐‑0.09  *  
SAND_T   0.145  ***   SAND_S   <.001   E   -­‐‑0.461  ***  
E   -­‐‑0.165  *   E   -­‐‑0.251  ***   M  Diural  Range   -­‐‑0.026  
Max  T  Warmest  m   -­‐‑0.138   Max  T  Warmest  m   0.002   Min  T  Coldest  m   -­‐‑0.542  ***  
M  T  driest  Q   0.018   T  Annual  Range   0.079   P  seasonality   -­‐‑0.335  ***  
P  driest  M   0.167  **   P  westtest  M   -­‐‑0.189  *   P  warmest  Q   0.226  **  
P  wettest  Q   0.029   P  driest  Q   -­‐‑0.214  *   STRM   -­‐‑0.049  
STRM   -­‐‑0.044   P  warmest  Q   0.133   STRM  SD   0.083  
STRM  SD   0.19  ***   STRM   -­‐‑0.063  
     
     
STRM  SD   0.361  ***  
       *  p-­‐‑Value  <  0.05;  **  p-­‐‑Value  <  0.01;  ***  p-­‐‑Value  <  0.001  
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Chapter  3  
Post-­‐‑Drought  Switch  of  Amazon  Forests  from  Carbon  Sink  to  Source    
3.1  Introduction  
Amazon   forests   contain   nearly   half   of   the   tropical   forest   carbon   stocks  
(Saatchi   et   al.,   2011b)   and  play   a  major   but  uncertain   role   in   the  global   carbon  
budget  (Pan  et  al.,  2011;  Davidson  et  al.,  2012;  Schimel  et  al.,  2015b).  In  the  past  
two   decades   (1998-­‐‑Present),   Amazon   forests   have   experienced   frequent   and  
severe   droughts   resulting   from   climate   variability   at   approximately   5-­‐‑6   year  
intervals,   starting  with   the  1998-­‐‑99  El  Nino,   extreme  water  deficits   in  2005  and  
2010   resulting   from   the   warming   anomaly   of   Tropical   North   Atlantic   (TNA)  
(Marengo  et  al.,  2008;  Saatchi  et  al.,  2013;  Xu  et  al.,  2011),  and  the  recent  2015-­‐‑16  
El  Nino   (Jiménez-­‐‑Muñoz   et   al.,   2016).   Repeated  measurements   from   inventory  
plots   show  a   significant   “legacy   effect”   after   the   2005  drought,  with   increasing  
tree   mortality   and   carbon   loss,   converting   Amazon   forests   from   a   net   sink  
(Phillips   et   al.,   1998)  of   about   0.71  MgC  ha-­‐‑1   yr-­‐‑1   to   a  net   source   (Phillips   et   al.,  
2009)   of   carbon   to   the   atmosphere   of   about   1.5   MgC   ha-­‐‑1   yr-­‐‑1.   However,  
extrapolations   from  small-­‐‑scale   studies   to   the   entire  Amazonia  may  have   large  
uncertainty  due  to  variability  of  forest  composition  and  the  climate  and  edaphic  
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conditions   controlling   the   forest   function   and   resilience   to   climatic   stress  
(Huntingford  et  al.,   2013;  Rammig  et  al.,   2010).  Land-­‐‑surface  models,   including  
the  dynamic   global   vegetation  models   (DGVMs)   are   also  unable   to  predict   the  
large-­‐‑scale   effects   of   climate   extremes   on   the   carbon   stocks   and   dynamics  
because   they   do   not   capture   the   spatial   heterogeneity   of   forest   biomass   and  
productivity  over   the   landscape   (de  Almeida  Castanho  et   al.,   2016)  and  cannot  
quantify   the  plant  physiological  responses   to  climate   (Huntingford  et  al.,  2013).  
Therefore,   the   large-­‐‑scale   effects   of   droughts,   and   their   legacy,   over   forests   of  
Amazonia   remain   uncertain.   If   tree   mortality   and   disturbance   of   forest  
productivity   observed   in   plots   are  widespread,   the   carbon   loss   from   droughts  
will  be   significant   and  may  have  adverse   consequences   for  global   carbon  cycle  
and  its  feedbacks  to  climate  (Zelazowski  et  al.,  2011;  Phillips  et  al.,  2009).  
3.2  Results  
We  stratified  the   intact  Amazonian  forests   into  five  regions  based  on  the  
level  of  cumulative  water  deficit  (CWD)  anomaly  from  July  to  September  for  the  
year   2005   using   rainfall   measurements   from   combined   space   and   in   situ  
networks   of   observations   (Fig   3.1a).   The   stratification   provided   a   gradient   of  
drought   impacts   separating   the   extreme   drought   (ED)   of   the   west   from   the  
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severe  drought  (SD)  of  the  southwest  and  the  relatively  moderate  water  deficit  of  
the   south   (MD)   and   light   drought   of   the   northeast   (LD)  Amazonia   to   areas   of  
almost   no   water   deficit   in   the   northwest   (ND).   We   measured   a   widespread  
decline   of   forest   height   and   structure   in   the   upper   part   of   the   forest   canopy  
(canopy-­‐‑top)  after  the  2005  drought  over  all  the  five  delineated  regions  (Fig.  3.1b),  
based  on  the  forest  height  metric  (RH90)  derived  from  GLAS  LiDAR  waveforms  
collected   at   the   end   of   dry   season   (Oct-­‐‑Nov).   The   most   significant   decline  
happened  in  the  southwest  (ED),  at  the  epicenter  of  the  2005  drought,  with  RH90  
declining  at  an  average  rate  of  0.39  meter  per  year.  Other  regions,  although  less  
impacted  by  the  drought,  also  show  a  similar  decline  of  more  than  0.3  meter  per  
year   except   the   LD   and  ND   regions.   This   consistent   decline   of   canopy   height,  
that  happened  after  the  drought  event,  was  significantly  (p<0.01)  higher  than  the  
variance   associated  with   the   spatial   variability   of   forest   structure,   and   did   not  
correspond   to   any   instrument   degradation   or   changes   in   the   LiDAR   sampling  
density.   Even   after   including   the   uncertainty   of   measurements   and   spatial  
analysis,   we   find   the   decline   of   forest   canopy   height   remains   significant  
throughout  Amazonia  and  particularly   in  SD  and  MD  regions   (Table  3.1).  This  
suggests   a   continuation   of   drought-­‐‑induced   disturbance   of   large   canopy   trees,  
potentially   related   to   increased   tree   mortality,   detected   by   changes   of   LiDAR  
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canopy-­‐‑top   height   measurements.   Although   significant   changes   of   canopy  
structure   had   not   been   found  within   one   year,   all   regions   except  ND   and   LD  
experienced   significant   declines   of   tree   height   after   three   years   (from   2004   to  
2007).   Throughout   the   observational   period   (till   the   end   of   2008),   the   average  
canopy  height  did  not  show  any  obvious  sign  of  recovery,  indicating  at  least  a  3-­‐‑
4  year   legacy  effects  of   the  2005  drought,  potentially  combined  with   increasing  
land  surface  temperature  (Toomey  et  al.,  2011).    
Next,   the  GLAS   LiDAR   samples   for   each   year  were   converted   to   above  
ground   biomass   (AGB)   and   total   carbon   using   established   models   and  
techniques   (Saatchi  et  al.,  2011b;  Baccini  et  al.,  2012)  and   integrated   in  a  spatial  
model  to  annually  map  AGB  and  carbon  over  the  intact  Amazonian  forests.  The  
distribution  of  AGB  was  then  used  to  compute  the  spatial  variations  of  changes  
of  AGB   annually   before   and   after   the   2005   drought.   The   changes   in  AGB   also  
point   to   the   western   Amazonia   and   other   areas   impacted   by   drought   with  
significant   loss   of   biomass,   despite   the   uncertainty   associated  with   calculating  
the   regional  mean  biomass   change.  Although  a   few   regions   in  northern  Brazil,  
southeastern  Colombia  and  eastern  Bolivia  showed  a  slight  increase  in  biomass,  
most  of  the  Amazonian  forests  experienced  a  biomass  loss  after  the  2005  drought.  
At  the  regional  scale,  the  inter-­‐‑annual  changes  showed  significant  loss  of  biomass  
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in   ED   and   SD   regions   one   year   after   the   2005   drought   event   (Fig.   3.2a),   but  
regions   MD   and   LD   experienced   a   slower   decline   of   biomass   becoming  
significant   only   after   3   to   4   years   (2004-­‐‑2008).   The   Region  ND,  with   plenty   of  
rainfall  throughout  the  observational  period,  did  not  have  a  significant  decline  in  
AGB  (and  no  significant  decline   in   total  carbon).  Total  carbon  steadily  declined  
over   the   entire  Amazon  basin   since   the   end  of   2004   (Fig.   3.2b)  with  no   sign  of  
recovery,  experiencing  an  average  loss  of  0.63±0.47  PgC/yr  (Table  3.1).  While  the  
uncertainty  of  this  estimate  precludes  evaluation  of  biomass  decline  immediately  
after   the   drought   event,   the   lagged   effect   and   the   prolonged   impact   of   the  
drought  enables  us  to  find  a  statistically  significant  estimate  of  biomass  loss  one  
year  after  the  drought.    
For  the  period  of  the  study,  we  assume  carbon  emissions  from  Amazonia  
are   from   a   combination   of  wildfires,   deforestation   events,   and   drought-­‐‑related  
disturbance.   From   satellite   data,   we   identified   forest   pixels   with   fire   and  
deforestation   activities   during   the   2005   drought.  Most   of   wildfires   during   our  
study  period  happened  in  the  southern  Amazon,  near  the  edges  of  tropical  and  
transitional   forests   (Fig.   3.3a).   A   large   fraction   of   deforestation   events   were  
located   within   the   fire   pixels,   but   some   events   in   the   north   and   west   were  
unrelated   to   fire.   By   estimating   the   contributions   of   carbon   emission   from   fire  
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and   deforestation,   we   evaluated   the   total   carbon   change   of   forests   before   and  
after   the  drought.  Deforestation  had  a  nearly  constant  contribution  around  0.18  
PgC/year   to   the   total  emission  (Fig.  3.3b  and  3.3c)  each  year   from  2003   to  2008.  
Fire   contributed   slightly   less   (0.15   PgC/year)   to   carbon   emissions   due   to   the  
much   smaller   emission   factor   (Anderson   et   al.,   2015;   Carvalho   Jr.   et   al.,   2016),  
even   though   the   spatial   extent   of   fire   events   is   larger   than   deforestation.  
Excluding   the   impact   of   fire   and   deforestation,   the   net   carbon   change   in  
remaining   intact   forests   switched   from   an   insignificant   sink   of   approximately  
0.25  PgC  before  the  drought  to  a  significant  source  of  1.89  PgC  three  years  after,  
indicating  a  strong  impact  on  the  carbon  cycling  of  the  Amazonia  related  to  the  
drought  event.  
3.3  Data  and  Methods  
3.3.1  Remote  Sensing  Data  
Our  study  region  covers  the  entire  Amazon  forests  within  the  boundary  of  
north   and   central   South  America   (19°S   –   12°N;   81°W   –   44°W).  We  used  pixels  
identified  as  Evergreen  Broadleaf  Forests  (EBF)  in  the  latest  Moderate  Resolution  
Imaging   Spectroradiometer   (MODIS)   Land   Cover   (LC)   product   (Friedl   et   al.,  
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2010).   The   EBF   pixels   were   defined   from   the   year-­‐‑2005   LC   map   for   our  
observational   period   (2003   –   2008)   to   ensure   capturing   the   forest   changes  
triggered   by   the   2005   Amazon   drought.   The   MODIS   Vegetation   Continuous  
Field   (VCF)   product   (Townshend,   2011)   was   also   used   to   further   stratify   the  
pixels.   By   taking   the  maximum  VCF   values   from   2003   to   2008   as   VCFmax,   our  
study   region   would   only   focus   on   the   intact   forests   (VCFmax   >60%)   and   we  
marked   the   EBG   forest   with   less   vegetation   cover   (VCFmax   <60%)   as   the  
transitional  forest  (Fig.  3.3a),  if  no  deforestation  or  wildfire  activities  were  found.  
The   centerpiece   of   datasets   used   in   this   study   is   the   spaceborne  
Geoscience   Laser   Altimeter   System   (GLAS)   LiDAR   waveform   measurements.  
GLAS   sensor   aboard   the   Ice,  Cloud  and   land  Elevation  Satellite   (ICESat)   is   the  
first   spaceborne   waveform   sampling   LiDAR   instrument   for   continuous   global  
observation   of   the   Earth.   It   emits   short   duration   laser   pulses   and   records   the  
echoes   reflected   from   the   Earth’s   surface   (Abshire   et   al.,   2005).   For   vegetated  
surfaces,   the   return   echoes   or   waveforms   are   the   function   of   canopy   vertical  
distribution  and  ground  elevation  within   the  area   illuminated  by   the   laser   (the  
footprint),   thus   reflecting   the   canopy   structure   information   (Lefsky   et   al.,   2005;  
Sun  et  al.,  2008;  Saatchi  et  al.,  2011b).  Here,  we  used  the  GLAS/ICESat  L2  Global  
Land   Surface  Altimetry  Data   (GLAH14)   product   and   filtered   the   original   data  
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using  a   series  of   stringent  quality   controls   and  processing   steps.  We  calculated  
the   canopy   height   metrics   from   reconstructed   waveform   data   to   study   the  
interannual  changes  over  the  retrieval  period  (2003-­‐‑2008).  
Other  ancillary  data,  including  the  radar  backscatter  from  the  QuickSCAT  
satellite   (Long   and   Hicks,   2010)   (QSCAT),   and   the   MODIS   Multi-­‐‑Angle  
Implementation   of   Atmospheric   Correction   Algorithm   (MAIAC)   EVI   product  
(Hilker  et  al.,  2012),  can  directly  or   indirectly  capture   the  structural  and  carbon  
changes  in  the  Amazonian  forests  (Jiménez-­‐‑Muñoz  et  al.,  2013;  Saatchi  et  al.,  2013;  
Bi  et  al.,   2015).  Together  with   the   fixed  MODIS  VCFmax   layer   to  account   for   the  
effective   canopy   cover,   we   used   these   spatially   and/or   temporally   continuous  
satellite  data   to   interpolate  LiDAR   samplings,   so   as   to   create   the  LiDAR-­‐‑based  
mapping  for  each  year.  We  further  explored  the  fire  frequencies  from  the  MODIS  
Active   Fire   Product   (Giglio,   2015)   to   identify   regions   with   wildfires.   Other  
activities   causing   forest   cover   loss,   such   as   deforestation,  were   analyzed   using  
Global   Forest   Cover   (GFC)   loss   event   data   derived   from   Landsat   imagery  
(Hansen   et   al.,   2013).  We   also   categorized   the   tropical   climate   in   the   Amazon  
Basin   using   rainfall   data   from   TRMM   (Tropical   Rainfall   Measuring   Mission)  
3B43  product   (Adler  et  al.,  2000).  The  3B43  product  combines  rainfall  estimates  
from  TRMM  and  other  satellites,  as  well  as  the  global  gridded  rain  gauge  data,  
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and   provides   the   monthly   precipitation   rate   at   0.25°×0.25°   spatial   resolution  
starting  from  1998  (Huffman  et  al.,  2007).  The  last  data  set  we  used  in  our  study  
was  a  benchmark  biomass  map  for   tropical   forests   (Saatchi  et  al.,  2011b).  Using  
the   benchmark   biomass   map   as   a   reference,   we   interpreted   the   GLAS   height  
metrics  into  changes  of  carbon  storage  over  the  Amazonian  forests.  However,  the  
original  biomass  map  and  its  spatial  variation  did  not  directly  impact  our  results.  
We   analyzed   LiDAR   measurements   of   forest   structure,   systematically  
sampled  by  the  Geoscience  Laser  Altimeter  System  (GLAS)  aboard  the  Ice,  Cloud,  
and  the  Elevation  Satellite  (ICESat)  from  2003  to  2008  to  quantify  the  changes  in  
structure   and   carbon   stocks   of   forests   as   a   result   of   the   2005   drought.   LiDAR  
samples   of   vertical   structure   of   forests   are   recognized   as   the   most   direct  
approach   to  quantify   the  above  ground   forest  biomass   (Lefsky,  2010;  Saatchi  et  
al.,   2011b;  Meyer   et   al.,   2013;   Zolkos   et   al.,   2013).  We   examined  whether   there  
have  been  widespread  changes  of  forest  structure  from  tree  mortality  or  canopy  
disturbance   either   in   the  western  Amazonia   (4°S–12°S,   76°W–66°W),  where   the  
2005  drought  impacts  were  severe,  or  the  entire  Amazonia  (19°S  –  12°N;  81°W  –  
44°W)   that   experienced   water   deficit   and   temperature   anomaly.   The   analyses  
were  focused  on  a  six-­‐‑year  period  (2003-­‐‑2008)  to  assess  whether  the  2005  drought  
had  a  legacy  effect  that  extended  spatially  and  temporally  beyond  its  occurrence.  
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By   converting   the   LiDAR  measurements   to   forest   above   ground,   and   through  
allometry,  to  below  ground  carbon  density,  we  quantified  the  net  carbon  balance  
of   Amazonia   and   the   committed   partitions   into   sources   and   sinks   of   carbon  
during  the  observation  period.    
3.3.2  GLAS  Pre-­‐‑processing  
The   GLAS   GLAH14   product   is   a   land   product   containing   the   land  
elevation   and   elevation   distributions   (Zwally   et   al.,   2014).   Within   our   study  
region,  we  have  a   total  of  7.5  million  GLAS  shots   in   the   format  of  GLAH14  for  
the  study  period  from  2003  to  2008  (Table  3.2).  But  not  all  data  are  useful  to  study  
the   interannual   changes,   and   thus   data   screening   is   necessary.   To   get   an  
unbiased   estimation   of   canopy   structure   from   the   original   data   product,   we  
performed  the  following  necessary  data  preprocessing  steps  (Table  3.3):  
1. LC   filter.   The  MODIS   LC  map   in   2005   defines   the   regions  where   tropical  
forests   are   located.  We  used   this  map   to   keep  GLAS   shots   located  only   in  
these  forested  pixels.  
2. VCF  filter.  This   is  an  additional  LC-­‐‑based  data  screening  step  to  focus  our  
study  area  only  on  those  dense  forests.  We  ruled  out  all  GLAS  shots  located  
in   pixels  with   less   than   60%   tree   cover.   The   percent   tree   cover   data  were  
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extracted  from  the  2005  MODIS  VCF  product.  
3. Seasonal  filter.  The  Amazonian  forests,  though  considered  evergreen,  have  
seasonal  variations  due  to  climate  patterns  and  regional  differences  (Silva  et  
al.,   2013;  Xu  et  al.,   2015),   as  well  as   the  canopy  structure  and  variations   in  
leaf   optics   that   can   impact   the   photosynthetic   capacities   and   carbon  
exchanges  (Samanta  et  al.,  2012;  Bi  et  al.,  2015;  Wu  et  al.,  2016).  To  remove  
the   potential   seasonal   effects   of   GLAS   data,   we   checked   the   operational  
periods  of  GLAS  (Wang  et  al.,  2011)  and  used  GLAS  laser  shots  in  October  
and  November  for  our  study  from  2003  to  2008.  This  period  corresponds  to  
the  end  of  dry  and  the  beginning  of  the  wet  season  in  most  of  Amazonia  and  
has   consistently   larger   number   of   samples   from   2003-­‐‑2008   compared   to  
April-­‐‑June   period   as   the   end   of   the  wet   season   and   the   beginning   of   dry  
season.  
4. Saturation  filter.  LiDAR  waveforms  captured  by  the  GLAS  instrument  may  
have  pulse  distortions  when  the  received  energy  exceeds  the  linear  dynamic  
range   of   GLAS   detector.   This   happens   often   in   areas  with   flat   and   bright  
surfaces  (Abshire  et  al.,  2005).  Saturated  return  signals  in  forests  can  barely  
preserve   the   shape   of  waveform   reflected   from   scattering   elements  within  
canopy.   In   this   study,   we   removed   the   saturated   GLAS   shots   by  
   
82 
investigating  the  Saturation  Correction  Flag  as  a  quality  assurance  (QA)  step.  
5. 2-­‐‑peak  filter.  GLAS  returns  from  forests  are  different  from  the  returns  on  ice  
sheets   or   bare   ground   surfaces,   as   the   waveforms   are   often   bi-­‐‑modal   or  
multimodal   (Harding   and   Carabajal,   2005;   Sun   et   al.,   2008)   caused   by   the  
time  differences  of  separated  returns  from  forest  canopy  and  the  underlying  
ground.   GLAH14   product   parameterizes   the   return   waveforms   into   6  
Gaussian   fits   (Brenner   et   al.,   2003)   and   reduces   the   stored   waveform  
information   to   merely   18   Gaussian   parameters.   To   find   the   peaks   (local  
maxima)   in   the   GLAS   returns,   we   reconstructed   the   waveforms   from  
Gaussian  parameters  and  removed  observations  with  only  one-­‐‑peak  return.  
This  step  ensures  that  the  remaining  shots  have  at  least  2  scattering  centers  
at   different   elevations.   An   additional   check   along   the   waveform   was   to  
ensure  no  obvious  data  gaps  (zero  returns  for  more  than  1  meters)  between  
peaks,  as  anomalous  peaks  might  be  captured  by  the  sensor  above  or  below  
the  vegetation  canopy.  We  also  filtered  out  waveforms  with  ground  return  
peak  <0.2  V,  as  it  provides  the  best  distinction  between  returns  representing  
ground   only   and   mixed   signal   returns   from   ground   and   vegetation  
(Mahoney  et  al.,  2014).  
6. SRTM  filter.  GLAH14  product  has  a  set  of  elevation  flags  documenting  the  
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elevation  retrieved  from  GLAS  waveforms  (d_elev)  as  well  as  the  referenced  
ground   elevation   (d_DEM_elv)   from   SRTM   (Zwally   et   al.,   2014).   The  
difference  between  d_elev  and  d_DEM_elv  often   indicates   the  atmospheric  
condition,  and  whether  GLAS  waveforms  really  capture  the  information  of  
land   surface.  We   set   the   threshold   of   elevation   difference   as   25  meters   to  
allow  some  buffer  due  to  different  penetration  features  between  SRTM  and  
GLAS.  
7. Slope   filter.   We   calculated   the   terrain   slope   from   at   each   GLAS   shot   by  
fitting   the   ground   waveform   into   the   Gaussian   function   (Mahoney   et   al.,  
2014).  To  avoid  the  false  detection  of  ground  and  the  mixture  of  signals  from  
both  canopy  and  ground,  we   filtered  all  data  with   calculated   slopes   larger  
than  10°.  
For  each  valid  waveform,  we  reconstructed  the  return  at  0.2-­‐‑meter  interval  
by  summing  up  the  6  Gaussian  fits:  
𝑓(𝑧) = 𝐴!!!!! 𝑒!(!!!!)!/!!!!  (3.1)  
where  𝐴!,  𝜇!  and  𝜎!  are  the  Gaussian  parameters  stored  in  the  GLAH14  product,  
indicating   the   Gaussian   amplitude,   peak   position   and   standard   deviation,  
respectively   (Hofton   et   al.,   2000).   At   this   stage,   external   sources   such   as   the  
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terrain   data   from   the   Shuttle   Radar   Topography  Mission   (SRTM),   can   provide  
additional  information  needed  to  extract  the  ground  return  information  for  slope  
estimation  and  correction  (Lefsky  et  al.,  2007;  Simard  et  al.,  2011;  Park  et  al.,  2014).  
But  the  extraction  of  terrain  information  using  external  sources  has  difficulties  in  
the  dense  tropical  forests  due  to  the  shallow  penetration  of  high-­‐‑frequency  radar  
interferometry   (SRTM)   that   captures   the   scattering   centers  mostly   in   the  upper  
canopies  of   closed   forests   (Hofton  et   al.,   2006;  Sun  et   al.,   2008).  Accounting   for  
other   uncertainties   from   spatial   resolutions   and   geolocation   errors,  we   applied  
the   independent   slope  method   (ISM)   by   estimating   the   terrain   slope   from   the  
GLAS  waveform  (Mahoney  et  al.,  2014)  at  each  footprint  location.  
The   2-­‐‑peak   filter   (5th   step   of   GLAS   data   screening)   reconstructs   the  
waveform   and   finds   the   ground   returns.   The   concept   of   ISM   (Mahoney   et   al.,  
2014)  is  to  fit  the  lowest  waveform  peak  as  a  Gaussian  function  and  set  the  width  
of  the  Gaussian  fit  (𝑊!!)  as  the  elevation  range  of  ground  (Fig.  3.4).  Knowing  the  
mean   footprint  diameter   (𝐷)   as   the  average  of  major  and  minor  axis   lengths  of  
the  footprint  ellipse,  we  calculated  the  slope  as  
𝑆𝑙𝑜𝑝𝑒 =𝑊!! −𝑊!𝐷   (3.2)  
where  𝑊!  is  the  minimum  width  of  the  GLAS  backscatter  from  a  flat  surface.  The  
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value  of  𝑊!  reflects  the  duration  of  transmitted  signal  and  associated  attenuation  
from  scattering  elements.  Using  the  top  0.1  percentile  data  with  the  least  𝑊!!  for  
different   amplitude   intervals,   we   empirically   built   the   linear   relationship  
between  𝑊!  (in  meters)  and  the  ground  peak  amplitude  𝐴!  (in  V)  for  the  tropical  
forests  of  Amazonia:   𝑊! = 2.04+ 0.40×𝐴!  (3.3)  
The  final  data  set  therefore  keeps  only  observations  on  flat  terrain  with  slopes  no  
greater  than  10°.  Using  the  lowest  peak  found  during  the  amplitude  filter  step  as  
the   ground   position,   we   derived   the   relative   height   metrics   (RH)   from   GLAS  
waveforms  by  defining  the  RH  positions  corresponding  to  the  10th,  20th  through  
90th   percentile   of   waveform   energy   (Anderson   et   al.,   2008;   Lefsky,   2010),   and  
denoted  them  as  RH10,  RH20,  …,  and  RH90.  
3.3.3  Sampling  Strategy  
The   sampling   nature   of   the   GLAS   instrument   forms   a   spatial-­‐‑temporal  
distribution  of  the  forest  height  (or  derived  metrics  such  as  biomass  and  carbon  
density).  Because  of  the  existence  of  spatial  autocorrelation,  spatial  samplings  of  
GLAS  data  are  distinct   from  classical   statistics.  Conventional   random  sampling  
draws  the  samples  independently  with  an  equal  probability  from  the  population.  
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The   population  mean   can   thus   be   estimated   from   the   sample   arithmetic  mean  
(𝑦 = !! 𝑦!!!!! )  of  samples  and  the  variance  of  estimated  mean  is  proportional  to  
the  sample  variance  normalized  by  the  sample  size  (𝑉(𝑦) = !!! )  (Cochran,  1977).  
In   spatial   sampling,   observations   are   associated   with   geographic   locations  
(𝑦(𝐱𝟏),𝑦(𝐱𝟐), . . . ,𝑦(𝐱𝐧) ).   The   repeated   exhaustive   samplings   can   detect   the  
temporal   changes  of   regional  mean  or   total  quantities,   such  as   the  wall-­‐‑to-­‐‑wall  
maps  derived  from  remote  sensing  data.  When  the  wall-­‐‑to-­‐‑wall  mapping  is  not  
available,  we  need  appropriate  sampling  techniques  to  get  unbiased  estimations  
of  regional  quantities  (Paprttz  and  Webster,  1995;  Stein  and  Ettema,  2003;  Wang  
et  al.,  2012;  Saatchi  et  al.,  2015).  We  tested  3  statistical  methods  including  design-­‐‑
based  and  model-­‐‑based  sampling  techniques  to  study  the  interannual  changes  of  
GLAS  observations  in  the  Amazon.  
Stratified  Random  Sampling  (SRS):  Stratified  random  sampling  (SRS)  is  
a   design-­‐‑based   sampling   strategy   that   first   divides   the   area   into   K   non-­‐‑
overlapping  strata,  and  then  selects  spatially  random  samples  from  each  stratum.  
SRS   method   is   generally   more   efficient   than   simple   random   sampling,   while  
keeps  the  design-­‐‑unbiased  estimates  of   the  population,  unlike   in  the  systematic  
sampling   (Cochran,   1977;   Paprttz   and  Webster,   1995;   Haining,   2003).   The   raw  
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GLAS   samples   are   usually   clustered,   and   the   simple   arithmetic   mean   of   all  
samples  could  lead  to  a  biased  result.  We  selected  a  subset  of  the  GLAS  shots  to  
form   a   spatially   balanced   point   patterns   so   that   conventional   statistics   can   be  
applied.  The  regional  mean  of  the  SRS  method  is  𝑦!"# = 𝛴!!!! 𝑤!𝑦!  (3.4)  
where  𝑤!  is  the  weight  of  the  𝑘th  stratum,  and  in  our  study  is  proportional  to  the  
dense  forested  area  of  each  stratum.  The  variance  of  the  estimated  mean  is  𝑉(𝑦!"#) = 𝛴!!!! 𝑤!!𝑉(𝑦!)  (3.5)  
To   determine   the   optimized   stratum   size   and   the   sample   size   in   each  
stratum,   we   tried   to   maximize   the   total   sample   size   while   ensuring   that   the  
samples  are  not  spatially  clustered  by  using  the  Clark-­‐‑Evans  aggregation   index  
(Clark  and  Evans,  1954).  The  optimized  solution  is  to  select  1  sample  from  each  
1°x1°   stratum   to  maintain   the   spatial   randomness,  which   results   in  around  600  
samples  in  each  year  (Figs.  3.5  and  3.6)  except  in  2008  (when  we  have  only  ~400  
samples).  However,  the  variance  of  each  stratum  cannot  be  estimated  from  Eq.  5  
as   we   have   only   1   sample   in   each   stratum.   We   relied   on   the   bootstrapping  
method  by  creating  the  random  subsets  repeatedly  from  the  original  GLAS  data  
to   form  a  distribution  of   the  regional  mean.  Another  concern   for   implementing  
this  approach  and  the  validity  of  the  estimates  is  the  missing  data  for  some  strata,  
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particularly  in  2008.  Assuming  that  vegetation  changed  little  in  these  strata  with  
no  valid  GLAS  observations,  we  used  a  gap-­‐‑filling  method  by  simply  taking  the  
estimations   from   the  previous  year   for   strata  with  missing  data.  This  approach  
allows  statistically  valid  estimates  but  provides  a  conservative  estimate  of  change  
caused  by  the  gap-­‐‑filling.    
Stratified   Ordinary   Kriging   (SOK):   The   design-­‐‑based   SRS   method  
estimates  the  variance  by  treating  the  sampling  procedure  as  independent  events.  
But   in   the  model-­‐‑based   perspective,   the   observations   from   spatial   samples   are  
correlated   because   of   the   nature   of   spatial   autocorrelation   (Haining,   2003).   By  
considering   the   covariance  between   samples,  we   can  estimate   the   spatial  mean  
and  variance  of  region  𝑘  as   𝑦! = 𝛴!!!! 𝜆!𝑦!  (3.6)  𝑉(𝑦!) = 𝛴!!!! 𝜆!!𝜎!! + 2𝛴!!!𝜆!𝜆!𝐶!,!  (3.7)  
where  𝜆!  is  the  kriging  weight  associated  with  sample  𝑖,  𝜎!!  is  the  sample  variance,  
and  𝐶!,!   is   the   covariance   between   samples.   In   the   variogram-­‐‑based   ordinary  
kriging   models,   the   covariance   is   a   measure   dependent   only   on   sampling  
distance,   𝐶[𝑦(𝐱𝐢),𝑦(𝐱𝐣)] = 𝐶(ℎ) = 𝜎! − 𝛾(ℎ)  (3.8)  
where  ℎ = ||𝐱𝐢 − 𝐱𝐣||  is  the  distance  between  𝐱𝐢  and  𝐱𝐣,  and  𝛾(ℎ)  is  the  variogram  
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model   with   parameters   such   as   range,   sill   and   nugget   (Wang   et   al.,   2009;  
Christakos,   2012).   We   estimated   the   mean   and   variance   from   all   the   original  
GLAS  samples  using  ordinary  kriging  in  each  1°x1°  stratum,  and  estimated  the  
global  mean/variance  using  Eq.  3.4  and  Eq.  3.5   from  each  stratum.  For  missing  
data,  we  applied  the  same  gap-­‐‑filling  method  used  in  the  SRS  method.  
Spatial  Modeling  with  Filled  data  gaps  (SMF):  Using  medium-­‐‑resolution  
satellite   products   from   MODIS   and   QuikSCAT,   we   extrapolated   the   GLAS  
LiDAR  sampling  to  a  spatially  continuous  map  at  5-­‐‑km  resolution  annually  from  
2003  to  2008.  MAIAC  EVI  represents  information  about  the  canopy  structure  of  
tropical   forests   and   their   potential   state   of   disturbance   (Toomey   et   al.,   2011).  
QSCAT  backscatter   contains  mixed   information   of   canopy   structure   and  water  
status.  From  the  temporal  mean  and  variation  of  these  products,  we  were  able  to  
track   the   annual   changes   of   the   forests.   With   the   fixed   layers   of   VCFmax  
representing   the   effective   canopy   cover,   plus   the   annual   mean   and   variation  
from  MAIAC  EVI  and  QSCAT  backscatter,  we  mapped  the  height  metrics  over  
the  Amazonian  forests  using  the  bagged  decision  trees   (random  forest)  method  
(Breiman,   2001).   The   training   data   were   from   the   mean   GLAS   RH   metrics  
estimated  using  SOK  method  at  5-­‐‑km  resolution.  The  predicted  variance  of  SMF  
can  also  be  estimated  from  bootstrapping  method  due  to  the  richness  of  the  input  
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information   and   the   use   of   ensemble   model.  We   used   the   quantile   regression  
forests  (Meinshausen,  2006)  to  estimate  the  variance  of  prediction  as  it  keeps  the  
estimation  distribution  at  each   leaf  node.  The  gap-­‐‑filling  procedure  was  similar  
to   what   we   did   in   the   SRS   and   SOK   methods.   Knowing   the   available   5-­‐‑km  
training  pixels  derived   from  SOK   for   each  year,  we   first   calculated   the  median  
number  of  valid   training  pixels   (denoted  as  𝑁!)   across  all   1°x1°   strata   (𝑠)   from  
2003  to  2008,  and  weighted  by  VCFmax  for  each  1-­‐‑deg  stratum  to  be  the  required  
valid   sample   in   each   stratum,  𝑁! = 𝑁!×𝑉𝐶𝐹!"#.   Second,   the   calculated  𝑁!  was  
fixed   in   our  modified   bagging   procedure   for   each   stratum   and   each   year.  We  
randomly  drew  𝑁!  samples  for  each  tree  model  in  the  ensemble.  When  the  actual  
number  of   samples   (𝑛!)   for  any  stratum  of  a  particular  year   is   less   than   the  𝑁!,  
the  rest  (𝑁! − 𝑛!)  was  drawn  from  the  pool  of  training  pixels  retrieved  from  the  
previous  year.  The  strategy   in  2003  was  slightly  different  as  we  did  not   fill   the  
gaps   in   2003.   But   it   should   be   a   minor   issue,   as   2003   has   much   more   valid  
observations  compared  to  other  years  (Fig.  3.5  and  Table  3.2).  
3.3.4  Carbon  Calculation  
Using  ground-­‐‑calibrated  Lorey’s  height  of  GLAS  from  the  global  data  set  
(Lefsky,  2010),  we  rebuilt   the  GLAS-­‐‑derived  Lorey’s  height   (LH)  specific   to   the  
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Amazon.  Using  the  RH  metrics  from  RH10  to  RH90,  we  found  the  best  loglinear  
relationship  between  LH  and  RH  to  be  𝐿𝐻 = 1.5945×𝑅𝐻30!!.!"×𝑅𝐻90!.!"  (3.9)  
where  RH30  and  RH90  are  the  heights  of  30-­‐‑percentile  and  90-­‐‑percentile  energy  
returns   above   ground.   The   choice   of   predictor   variables   were   from   Lasso  
regression   (Hastie   et   al.,   2013)   to   keep   the   minimum   number   of   independent  
features  while  ensuring  the  same  level  of  prediction  accuracy  by  performing  10-­‐‑
fold  cross  validations.    
The   further  use  of  benchmark  AGB  map   (in  5-­‐‑km  resolution)  of   tropical  
forests   estimated   from  a   combination  of  data,   including  4,079   in   situ   inventory  
plots,   satellite   GLAS   samples,   and   optical/microwave   imagery   (Saatchi   et   al.,  
2011b),   allowed  us   to  built   a   relationship  between  GLAS-­‐‑derived  LH  and  AGB  
values   for   each   5-­‐‑km  pixel.   The   selection  of  GLAS   training  pixels   followed   the  
same   criteria   in   the   SMF   method.   Using   valid   5-­‐‑km   LH   values   (2004-­‐‑2007)  
calculated  from  SOK,  we  built  the  one-­‐‑to-­‐‑one  relationship  between  AGB  and  LH  
with  an  average  uncertainty  of  ~51Mg/ha:  𝐴𝐺𝐵 = 32.74× 𝑤𝑑×𝐿𝐻 !.!"  (3.10)  
where  𝑤𝑑  is   the  estimated  wood  density  accounting  for  the  regional  differences  
in  the  Amazon  basin.  With  these  GLAS-­‐‑derived  AGB  values  in  GLAS  locations,  
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we   estimated   the   carbon   changes   using   the   same   sampling   methods.   The  
terrestrial  carbon  density  was  calculated  using  the  following  equation  (Saatchi  et  
al.,  2011b):  
𝐶𝐷 = 𝐴𝐺𝐵 + 0.489𝐴𝐺𝐵!.!"2   (3.11)  
And   the   total   carbon   stock  was   calculated   by  multiplying   the   area   of   tropical  
forests  (𝑇𝑜𝑡𝐶 = 𝐶𝐷 𝑑𝐴).  We  used  these  calculations  to  approximate  the  carbon  
changes  in  the  Amazonian  forests.  
It   is   important   to  note   that   the  use  of   the  benchmark  map  (Saatchi  et  al.,  
2011b)  or  any  other  maps  of  calibration  functions  may  change  the  absolute  value  
of   carbon   stocks   in   the  Amazon  basin   slightly  but  will  not   significantly   impact  
the   changes   of   carbon   stocks   and   any   potential   trends   in   the   carbon   stock  
changes.  
3.3.5  Calculation  of  Emission  from  Fire  and  Deforestation  
With  the  help  of  MODIS  Active  Fire  product  and  the  GFC  loss  data  from  
Landsat,  we  were   able   to   identify  pixels  with   fire   or  deforestation.   From   these  
pixels   in   each   year,   we   estimated   the   emission   from   deforestation   and   fire  
annually.  Both  data  sets  were  upscaled  to  5-­‐‑km  spatial  resolution  by  calculating  
the  area  fraction  of  the  fire  or  deforestation  in  each  5-­‐‑km  pixel  (denoted  as  𝐴!  for  
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fire,   and  𝐴!  for   deforestation).   To   find   the   contribution   of   emission   events,  we  
developed  3  scenarios.  
(1) For  pixels  with  only  wildfires  happening,  we  calculated  the  emission  𝐸!:    
𝐸! = 𝐶𝐷 ∙ 𝑒! ∙ 𝑑𝐴!  (3.12)  
(2) For  pixels  with  only  deforestation,  we  calculated  the  emission  𝐸!:    
𝐸! = 𝐶𝐷 ∙ 𝑒! ∙ 𝑑𝐴!  (3.13)  
(3) pixels  with  both  fire  and  deforestation,  the  emission  𝐸!"  is  
𝐸!" = 𝐶𝐷 ∙ 𝑒! ∙ 𝑑𝐴! + 1− 𝑒! 𝑑𝐴!   (3.14)  
where   𝑒!   and   𝑒!   are   the   emission   efficiency   for   fire   and   deforestation,  
respectively.   We   used   the   numbers   from   literature   (Anderson   et   al.,   2015;  
Carvalho   Jr.   et   al.,   2016)   but   allowed   a   fairly   large   variation:  𝑒! = 0.3± 0.1  and  𝑒! = 0.8± 0.1.  Without  considering  the  covariance  between  emission  factors  and  
the  retrieved  carbon  density  at  5-­‐‑km  resolution,  we  obtained  a  rough  estimation  
of  emissions  from  fire  and  deforestation  for  each  year.  
3.3.6  Spatial  Pattern  of  Rainfall  
We  stratified  the  Amazonian  forests  into  5  different  regions  based  on  the  
rainfall   pattern   of   the   TRMM   product   (Fig.   3.1a).   Monthly   cumulative   water  
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deficit   (CWD)  values  were   first   calculated   from  the   rainfall  data   (Aragão  et  al.,  
2007;  Saatchi  et  al.,  2013),  𝑊𝐷! =𝑊𝐷!!! − 𝐸 + 𝑃! 𝑤ℎ𝑒𝑛  𝑊𝐷! < 0   (3.15)  
where  𝑊𝐷!  is  the  water  deficit  of  current  month  (unit:  mm/month),  and  it  equals  
to   the   water   deficit   from   previous   month   ( 𝑊𝐷!!! )   minus   the   forest  
evapotranspiration  𝐸   (approximated   as   100   mm/month),   and   plus   the   total  
rainfall  of  the  current  month  (𝑃!).  To  delineate  the  region  that  was  impacted  by  
the   2005   drought,   we   also   calculated   the   dry-­‐‑season   [July,   August,   and  
September  (JAS)]  anomaly  of  2005  (Fig.  3.7):  
𝐴𝑛𝑜𝑚 2005 =𝑊𝐷!"# 2005 −𝑀𝑒𝑎𝑛 𝑊𝐷!"#𝑆𝑡𝑑 𝑊𝐷!"#   (3.16)  
where  𝑊𝐷!"#   is   the   CWD   over   July,   August,   and   September   for   each   year,  𝑀𝑒𝑎𝑛 𝑊𝐷!"#   and  𝑆𝑡𝑑 𝑊𝐷!"#   are  the  long-­‐‑term  mean  and  standard  deviation  of  𝑊𝐷!"#  over  the  period  from  2000  to  2009.  The  CWD  anomaly  of  other  years  were  
included  for  comparison  (Fig.  3.8).  
We  defined  (1)   the  Severe  Drought   (SD)  region  when  𝐴𝑛𝑜𝑚 2005 < −2,  
(2)  the  Severe  to  Moderate  Drought  (SMD)  region  when  −2 ≤ 𝐴𝑛𝑜𝑚 2005 < −1,  
(3)   the  Moderate  water  Deficit   -­‐‑   South   region   (MD-­‐‑S)  when  𝐴𝑛𝑜𝑚 2005 > −1  
and  𝑀𝑒𝑎𝑛 𝑊𝐷!"# < −50,  (4)  the  Moderate  water  Deficit  -­‐‑  North  (MD-­‐‑N)  region  
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when  𝐴𝑛𝑜𝑚 2005 > −1  and  −50 < 𝑀𝑒𝑎𝑛 𝑊𝐷!"# < 0,   and   (5)   the   No   water  
Deficit  region  (ND)  when  𝑀𝑒𝑎𝑛 𝑊𝐷!"# > 0.  
3.4  Supplementary  Discussion  
The   GLAS-­‐‑derived   tree   height   map   in   2003   might   have   an   overall  
underestimation  of  the  dense  forests  of  Amazon.  A  previous  study  (Harding  and  
Carabajal,  2005)  reports  that  the  retrieval  of  2003  has  a  range  within  81  meters.  If  
the  GLAS  instrument  triggers  the   land  retrieval  earlier,   there   is  a  probability  to  
truncate   the   return   signal   without   capturing   the   entire   waveform   for   tall  
vegetation   and   steep   slopes.   The   GLAS   team   fixed   the   waveform   truncation  
problem  after  2004,  as  “the  waveform  compression  scheme  was  implemented  to  
increase  the  land  height  range  to  150  m”.  Meanwhile,  due  to  the  relatively  larger  
footprint   size   in   2003,   top   canopy   heights   may   also   be   overestimated.   These  
differences  in  data  acquisition  and  quality  map  impact  the  estimated  statistics  of  
height  and  the  carbon  stocks  towards  a  slight  overestimation  that  can  potentially  
reduce  the  carbon  change  between  2003  and  2004.  Therefore,  data  in  2003  should  
be   used   with   caution   and   the   associated   carbon   stock   change   may   be   an  
underestimation.    
On   the   other   hand,  GLAS  data   in   2008   stands   out   to   be   less   accurate   in  
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regional   coverage   due   to  much   fewer   good-­‐‑quality   data   (~30%   of   the   average  
number  of  shots  for  other  years)  available  over  the  entire  Amazon  with  clustered  
observations  in  limited  regions  (Fig.  3.5).  Therefore,  significant  biases  could  exist  
in  the  regional  estimation  when  gap-­‐‑filling  is  not  applied.  Due  to  these  artifacts  
existing  in  the  years  2003  and  2008,  we  excluded  them  in  building  carbon  model.  
We  use  3  different  methods  to  sample  and  interpret  the  GLAS  waveforms  
(Fig.  3.9a).  Each  sampling  strategy  has  its  own  assumptions.  (1)  SRS  is  the  most  
conservative  way  of  estimating  mean  height  with  large  uncertainty,  but  unbiased  
due  to  the  spatially  balanced  samples;  (2)  SOK  assumes  no  dependence  between  
blocks  and  the  mean  estimation  in  each  block  is  from  ordinary  kriging;  (3)  SMF  
using  QSCAT  and  MODIS  assumes  that  the  GLAS  sampling  in  each  5-­‐‑km  pixel  
can  well   represent   the  dynamics  of   tree  heights,   but   the  prediction  uncertainty  
from   geographically   remote   samples   is   much   larger   than   the   error   predicted  
from  nearby  samples  measured  at  a  different  time.    
To  further  strengthen  our  analysis,  we  performed  an  independent  check  of  
the  relative  changes  in  top  canopy  height  (𝐻!)  measured  from  GLAS  sensor  𝐻! = 𝑅!"# − 𝑅!" + 𝐸𝑙𝑒𝑣! − 𝐸𝑙𝑒𝑣!   (3.17)  
where  𝐸𝑙𝑒𝑣!   and  𝐸𝑙𝑒𝑣!   are   the   elevations   obtained   from   GLAS   and   SRTM,  
respectively,   both   of  which   are   variables   of   the  GLAH14   product,  𝑅!"#  and  𝑅!"  
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are   the   range   offsets   of   the  waveform   for   signal   beginning   and   land   elevation.  
The  retrieved  variable  𝐻!   represents   the  elevation  of   top  canopy  height   relative  
to   the  SRTM  elevation.  Although  AGB  and   carbon  numbers   cannot  be  derived  
from   the  𝐻!   metric   because   SRTM  elevation   is   not   the   true   ground,   the   annual  
change   of  𝐻!   is   independent   of   the   uncertainty   in   our   ground   detection.  
However,   due   to   geolocation   errors   and   terrain   topography,   the   uncertainty   is  
associated  with   the   defined   reference   surface   elevation   (in   our   case,   the   SRTM  
height).   Therefore,   we   performed   a   further   filter   and   kept   data   only   with  
reasonable   temporal   variation   (𝑆𝑇𝐷 𝐻! < 5  meters).   Results   of   SRS   and   SMF  
sampling   methods   (Fig.   3.9b   and   3.9c)   show   that   the  𝐻!   has   a   continuous  
decreasing  trend  since  2004,  similar  to  what  we  found  in  the  main  manuscript.  
GLAS  data  filtering  is  also  an  important  preprocessing  step  in  our  study  
to  reduce  the  uncertainty  and  avoid  drawing  biased  conclusions  from  noisy  data.  
The   evolution   of   the   filtering   steps   (Fig.   3.10)   shows   that   the   original   data  
without   any   filtering  present   an   even  more  drastic  downward   trend.  Our  data  
screening   procedure   produced   a   more   conservative,   yet   still   significantly  
negative  trend  for  interannual  changes  in  the  Amazonian  forests.  
We   also   confirmed   our   findings   in   the   Amazonian   forests   through   the  
comparison  of   forest  change   in  Southeast  Asia.  Tropical   forests   in  New  Guinea  
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island   have   been   found   to   maintain   its   forest   cover   and   have   the   least  
deforestation  compared   to  other   tropical   forests   in  Southeast  Asia   (Stibig  et  al.,  
2014;  Miettinen   et   al.,   2011).  Our  GLAS-­‐‑derived  RH90   in   this   region   (Fig.   3.11)  
show  an  almost  constant  level  of  tree  height  from  2003  to  2008,  proving  that  the  
results  found  in  the  Amazon  are  not  due  to  any  systematic  errors  created  by  the  
GLAS   signal   degradation   throughout   time,   our   data   filtering,   or   the  
methodology  in  producing  the  change  detection  results  in  Amazonia.  
3.5  Conclusions  
Severe  drought  events   in   the  Amazonia  have  been  recorded  twice   in   the  
last  decade   (2005  and  2010)  and  are  expected   to  be  more   frequent   in   the   future  
(Jiménez-­‐‑Muñoz   et   al.,   2016).   Due   to   the   pervasive   drought   legacies   in   forest  
ecosystems  (Anderegg  et  al.,  2015),  we  suspect  it  may  have  long  term  effects  on  
the  terrestrial  carbon  budget  that  can  lead  to  an  accelerated  positive  feedback  to  
regional  and  global  climate.  The  repeated  sampling  of  GLAS  LiDAR  data  enable  
documenting  post-­‐‑drought  structural  changes  and  carbon  losses  from  the  entire  
Amazonia,  corroborating  what  was  found  at  the  smaller  scales  in  research  plots  
across   Amazonia   (Phillips   et   al.,   2009;   Lewis   et   al.,   2011)   documenting   an  
increase   in   tree  mortality.  Our   results   clearly   indicate   that   tropical   forests  may  
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lose   their   role   as   a   robust   sink   of   atmospheric   carbon   in   the   face   of   repeated  
severe   droughts.   However,   the   underlying   causes   of   these   changes   and   their  
spatial  extent  and   long-­‐‑term  effects  require  detailed  eco-­‐‑hydrological  studies  of  
forest  function  from  a  combination  of  widespread  ground  plots  (Nepstad  et  al.,  
2007;   Doughty   et   al.,   2015;   Feldpausch   et   al.,   2016)   and   repeated   observations  
from  space  (Maeda  et  al.,  2015;  Saatchi  et  al.,  2013).  
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Figure   3.1.   Spatial   patterns   of   rainfall   and   corresponding   canopy   structure  
changes   in   each   climatic   region.   (a)   Drought   classification   map   derived   from  
rainfall   data.   (b)   Inter-­‐‑annual   changes   of   top   canopy   structure   (RH90)   for   each  
climatic  region  defined  in  panel  (a).  The  abbreviations  ED,  SD,  MD,  LD,  and  ND  
are   regions   of   Extreme   Drought,   Severe   Drought,   Moderate   Drought,   Light  
Drought  and  No  Drought.  The  red  numbers  in  panel  (b)  show  the  average  trend  
of  change  in  RH90  and  the  associated  p  values  for  statistical  significance.  
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Figure   3.2.   GLAS-­‐‑derived   biomass   changes   in   Amazon.   (a)   Inter-­‐‑annual   AGB  
changes  of  regional  means  in  5  climatic  regions  (see  Fig.  3.1a)  and  the  mean  AGB  
over  all  regions.  (b)  Inter-­‐‑annual  total  carbon  changes  over  the  intact  Amazonian  
forests.  All  estimations  in  this  figure  were  derived  from  the  SMF  method.  
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Figure   3.3.   Net   carbon   change   and   emissions   from   fire   and   deforestation. (a) 
Classification map showing pixels with intact Amazonian forests, fire and deforestation 
activities in tropical forests, and the transitional tropical forests that were not included in 
this study. (b) Inter-annual changes of total carbon, fire emission, and deforestation 
emission over the entire Amazonian forests (Intact, Wildfires, and Deforestation). (c) 
Contributions of fire and deforestation emissions compared to the total carbon change in 
intact forests. The uncertainty in estimating emissions are from a formal error 
propagation and Monte Carlo simulations of estimating the confidence interval for each 
emission component.    
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Figure  3.4.  Illustration  of  GLAS  LiDAR  waveform  retrievals.  The  right  panel  is  an  
example   waveform   reconstructed   from  GLAH14   product.   RH  metrics   and  WG  
were  defined  in  Section  3.3.2.  
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Figure   3.5.   Locations   for   all   available   GLAS   observations   after   performing   all  
GLAS  filters  in  the  Amazonia  for  each  year.  
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Figure  3.6.  One  scenario  of  random  sampling  from  valid  GLAS  observations.  
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Figure  3.7.  Cumulative  water  deficit  (CWD)  maps  derived  from  rainfall  (TRMM)  
data.   (a)   JAS   (average  data   for   July,  August   and   September)  CWD  anomaly   in  
2005  with  the  JAS  CWD  from  2000  to  2009  as  the  base  period;  (b)  Mean  JAS  CWD  
averaged  over  the  base  period  (2000-­‐‑2009),  (c)  Maximum  monthly  CWD  in  2005  
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Figure  3.8.  The  distribution  of  normalized  anomalies  of  pixels  western  Amazonia  
window.   Showed   here   are   JAS   (average   data   for   July,  August   and   September)  
CWD  anomaly   from  2003   to   2009  with   the   JAS  CWD   from  2000   to   2009   as   the  
base  period.    
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Figure   3.9.   Tests   of   GLAS-­‐‑derived  Height  Metrics   in   Amazon.   (a)   RH90   inter-­‐‑
annual  change  of  the  entire  amazon  using  3  different  methods,  including  the  SRS,  
SOK  and  SMF  methods  (see  Appendix  B).  And  annual  changes  of  GLAS-­‐‑derived  
Top  Canopy  Height  𝐻!   using  (b)  the  SRS  method  and  (c)  the  SMF  method.    
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Figure  3.10.  Evolution  of  the  GLAS  data  filtering  shown  as  the  annual  changes  of  
tree  height  over  Amazon.  (a)  Original  GLAS  data  applying  only  LC/VCF  filter;  (b)  
Seasonal   Filter;   (c)   Saturation   Filter;   (d)   2-­‐‑peak   Filter;   (e)   SRTM   filter;   and   (f)  
Slope  filter.  The  Changes  of  GLAS  RH  metrics  (RH  90,  40  and  10)  were  shown  as  
the  average  estimation  using  the  SRS  sampling  method  over  Amazonian  forests.  
     
   
110 
  
Figure   3.11.   GLAS-­‐‑derived   RH90   change   in   New  Guinea.   (a)   GLAS   footprints  
over  forested  area  in  the  New  Guinea  island;  (b)  RH90  annual  changes  over  New  
Guinea  using  the  SRS  method;  (c)  RH90  annual  changes  over  New  Guinea  using  
the  SMF  method.  
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Table  3.1.  Interannual  changes  of  GLAS  top  canopy  structure  (RH90)  and  carbon  
storage   in   different   regions   of  Amazonia.   The   uncertainty   values   added   to   the  
mean   changes   are   2   standard  deviations,   corresponding   to   the   95%   confidence  
interval.  Significant  changes  with  95%  confidence  are  marked  in  bold.  
Annual  Changes   2004-­‐‑2005   2004-­‐‑2006   2004-­‐‑2007  
RH90  (m;  ED)   -­‐‑0.42±0.80   -­‐‑1.27±0.79   -­‐‑1.09±0.83  
RH90  (m;  SD)   -­‐‑0.07±0.59   -­‐‑0.74±0.55   -­‐‑1.14±0.55  
RH90  (m;  MD)   -­‐‑0.09±0.59   -­‐‑0.47±0.55   -­‐‑1.37±0.54  
RH90  (m;  LD)   -­‐‑0.18±0.94   -­‐‑0.36±0.86   -­‐‑0.69±0.89  
RH90(m;  ND)   -­‐‑0.37±1.07   -­‐‑0.78±1.01   -­‐‑0.70±1.07  
RH90(m,  Total)   -­‐‑0.21±0.85   -­‐‑0.59±0.75   -­‐‑0.91±0.79  
AGB  (Mg/ha;  ED)   -­‐‑2.47±4.46   -­‐‑6.94±4.64   -­‐‑5.63±4.55  
AGB  (Mg/ha;  SD)   -­‐‑0.98±3.14   -­‐‑3.98±3.25   -­‐‑6.06±3.28  
AGB  (Mg/ha;  MD)   -­‐‑1.18±3.63   -­‐‑2.80±3.67   -­‐‑8.21±3.93  
AGB  (Mg/ha;  LD)   -­‐‑1.37±5.20   -­‐‑2.18±5.39   -­‐‑4.35±5.23  
AGB  (Mg/ha;  ND)   -­‐‑2.87±5.68   -­‐‑5.00±5.91   -­‐‑4.82±5.73  
AGB  (Mg/ha;  Total)   -­‐‑1.80±4.15   -­‐‑3.85±4.26   -­‐‑5.63±4.18  
Total  Carbon  (PgC;  ED)   -­‐‑0.07±0.13   -­‐‑0.20±0.13   -­‐‑0.16±0.13  
Total  Carbon  (PgC;  SD)   -­‐‑0.06±0.19   -­‐‑0.25±0.20   -­‐‑0.38±0.20  
Total  Carbon  (PgC;  MD)   -­‐‑0.07±0.22   -­‐‑0.17±0.22   -­‐‑0.49±0.24  
Total  Carbon  (PgC;  LD)   -­‐‑0.12±0.44   -­‐‑0.19±0.46   -­‐‑0.37±0.44  
Total  Carbon  (PgC;  ND)   -­‐‑0.27±0.54   -­‐‑0.48±0.56   -­‐‑0.46±0.55  
Total  Carbon  (PgC;  Total)   -­‐‑0.60±1.39   -­‐‑1.29±1.43   -­‐‑1.89±1.40  
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Table  3.2.  Number  of  valid  observations  available  in  each  screening  step  of  GLAS  
data  filtering  over  the  Amazonian  forests.    
Screening  steps   Points   in  
2003  
Points   in  
2004  
Points   in  
2005  
Points   in  
2006  
Points   in  
2007  
Points   in  
2008  
LC  filter   1313904   1488088   1579389   1397870   873773   772387  
VCF  filter   1023613   1177313   1243486   1105601   690725   602210  
Seasonal  filter   629965   558973   439072   377329   400586   225437  
Saturation  filter   597443   434098   369094   345785   382876   219133  
2-­‐‑peak  filter   169094   143051   93719   81889   88437   34401  
SRTM  filter   155233   130727   85233   75135   82367   32061  
Slope  filter   72979   59218   40939   37518   48960   18432  
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Table  3.3.  Summary  of  GLAS  data  filtering  steps.  
Steps   Description  
LC  filter  
Filter  data  using  MODIS  land  cover  map  of  2005  and  keep  only  
waveforms   located   in   pixels   classified   as   EBF   (evergreen  
broadleaf  forests).  
VCF  filter  
Further   data   screening   using   MODIS   Vegetation   Continuous  
Field  (VCF)  to  retain  the  observations  in  dense  forests  only  (VCF  
>  0.6).  
Seasonal  filter  
Use  GLAS  observations  in  October  and  November  to  remove  the  
potential  seasonal  effects    
Saturation  filter  
Remove   saturated   waveforms   using   the   Saturation   Correction  
Flag  (sat_corr_flg  =  0)  
2-­‐‑peak  filter  
Use  waveforms  with  at  least  2  peaks  (local  maxima)  to  represent  
reflectances   from   canopy   and   ground;   Filter   shots   with   zero  
amplitude   for   >1m   in   length   between   canopy   and   ground   and  
ground  peak  <0.2V  in  waveform  amplitude  (indicating  possibly  
false  ground)  
SRTM  filter  
Use   SRTM   elevation   (d_DEM_elv)   and   compare   with   GLAS-­‐‑
derived   elevation   (d_elev).   Filter   shots   when   the   difference   is  
larger  than  25  meters.  
Slope  filter  
Keep   only   data  with   flat   terrain   (calculated   slope   less   than   10  
degrees)  
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Chapter  4  
Carbon  Storage  and  Dynamics  of  Secondary  Forests  in  the  Brazilian  Amazon  
4.1  Introduction  
Tropical   forests   store   around   half   of   terrestrial   carbon   in   the   world  
(Saatchi   et   al.,   2011b)   and   play   an   important   role   in   the   global   carbon   cycle  
(Schimel   et   al.,   2015a;   Pan   et   al.,   2011;   Davidson   et   al.,   2012).   In   the   last   few  
decades,   these   forests   have   experienced   extensive   disturbance   from   human  
activities  in  the  form  of  deforestation  and  conversion  to  crops  and  grazing  land,  
and  large  scale  degradation  for  the  use  of  wood  in  timber  industries  (Hecht  et  al.  
2015;   Rudel   and   Horowitz,   2013).   The   gross   emissions   from   deforestation  
averages   to   about   1   PgC/year   but   can   vary   significantly   among   estimates   and  
periods  from  0.81  to  2.9  Pg  annually  (Pan  et  al.,  2011;  Baccini  et  al.,  2012;  Harris  et  
al.,  2012;  Achard  et  al.,  2014;  Tyukavina  et  al.,  2015),  with  the  greatest  differences  
found   between   estimates   based   on   satellite   observations   and   those   based   on  
forest  inventory  and  tabular  reference  data  (Zarin  et  al.  2016).    
These  large  emissions  from  land  use  changes  are  partially  compensated  by  
regeneration   in   tropical   secondary   forests   (SF)   (Bongers   et   al.   2015),  due   to   the  
fast   carbon   sequestration   rate   of   secondary   forest   (Poorter   et   al.,   2016).   Field  
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estimates  (Pan  et  al.,  2011)  exhibit  a  large  carbon  sink  around  1.6+/-­‐‑0.5  PgC/year  
from   SF   in   the   tropics,   in  which   half   comes   from   South  America.   This   carbon  
sequestration  rate  of  SF  is  up  to  20  times  higher  than  the  old-­‐‑growth  forest,  and  
close   to   the   entire   sink   in   tropics   (Pan   et   al.,   2011).   The   model-­‐‑based   study  
(Chazdon   et   al.,   2016)   has   a  more   conservative   prediction   –   around   8.48   Pg   C  
accumulation  in  SF  (<60  year  old)  over  40  years,  based  on  the  Neotropical  AGB  
map  in  Latin  America.  The  uncertainty  of  estimating  SF  carbon  sink  is  large,  due  
to  the  lack  of  consistent  carbon  monitoring  and  identification  of  SF  int  the  tropics.  
Recently,   the   TerraClass   project   of   Instituto   Nacional   de   Pesquisas  
Espaciais   –   Centro   Regional   da   Amazônia   (INPE/CRA),   Brazil,   has   made   an  
effort   developing   detailed   classification   maps   of   SF   in   Brazilian   Amazon  
spanning   10   years   from   2004   to   2014   with   an   original   spatial   resolution   of   30  
meters   (Almeida   et   al.,   2016).   But   the   quantification   of   carbon   stocks   and  
dynamics   in   SF   is   still   scarce.   Field-­‐‑based   studies   from   limited   sites   have  
provided   relatively   accurate   estimates   of   SF   carbon   changes   at   local   scales  
(Poorter   et   al.,   2016;  Martin   et   al.,   2013;  van  Breugel   et   al.,   2011;  Hughes   et   al.,  
1999).   There   are   also   estimates   of   carbon   stocks   from   passive   optical   remote  
sensing  (Nelson  et  al.,  2000;  Sant’Anna  et  al.,  1995;  Asner  et  al.,  2010)  at  a  larger  
scale.  But  accurate  retrievals  may  be  limited  to  several  cloud-­‐‑free  regions,  due  to  
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significant  impacts  of  atmospheric  conditions  on  the  optical  sensors,  especially  in  
the   tropics   (Asner,   2001).  More   recently,  with   the   availability   of   LiDAR   (Light  
Detection  And  Ranging)  and  Radar  data,  fusion  algorithms  have  been  explored  
to   utilize   multiple   sources   of   remote   sensing   data,   aiming   at   reducing   the  
uncertainty   in   forest   carbon   estimations   by   taking   advantage   of   the  
LiDAR/Radar’s   deep-­‐‑penetration   feature   in   the   forest   canopies   (Sexton   et   al.,  
2009;   García   et   al.,   2010;   Sun   et   al.,   2011).   Given   the   nature   of   scattered   and  
patchy   distribution   of   Brazilian   SF,   the   synergistic   retrieval   of   both   the   carbon  
stock  and  its  dynamics  at  a  higher  resolution  and  larger  scales  is  thus  one  of  the  
key  topics  of  current  SF  studies.    
Here,   we   use   the   Radar   backscatter   data   from   ALOS   PALSAR   (Phased  
Array   L-­‐‑band   Synthetic   Aperture   Radar   sensor   aboard   the   Advanced   Land  
Observing   Satellite   "ʺDAICHI"ʺ)   as   the   remote   sensing   layer   for   carbon   stock  
estimations,   and   calibrate   the   retrieval   using   the   spaceborne   Geoscience   Laser  
Altimeter  System  (GLAS)  LiDAR  waveform  sampling  over  the  Brazilian  Amazon.  
With  the  help  of  existing  TerraClass  maps  and  other  ancillary  sources,  we  try  to  
find   (1)   the   relationship  between   forest  biomass/carbon  and  Radar  data,   (2)   the  
carbon  accumulation  pattern  of  SF  from  the  disturbance  history,  and  (3)  the  main  
driver  of  the  carbon  dynamics  in  the  SF  of  Brazilian  Amazon.  
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4.2  Materials    
4.2.1  Maps  of  Deforestation  and  SF  Classification  
For   this   study,   we   used   the   deforestation   and   secondary   forest   (SF)  
classification  maps  produced  by  the  National  Institute  of  Space  Research  (INPE)  
in   collaboration   with   the   Ministry   of   the   Environment   (MMA)   in   Brazil.   The  
deforestation   database   from   the   PRODES   (Programa   Despoluição   de   Bacias  
Hidrográficas)   project   (available   at   http://www.obt.inpe.br/prodes/index.php),  
records   the   year   of   deforestation   events   in   the   Brazilian  Amazon   from   1997   to  
2016  at  30-­‐‑60  m  pixel  size,  and  has  been  carefully  verified  to  allow  national  and  
state   level   accuracy   reporting   (Hansen   et   al.   2013;   Aguilar   et   al.   2014).   The  
limitation  of  this  data  set  is  that  it  has  only  records  of  the  first  deforestation  event  
for  each  pixel.  
The   SF   classification   maps   were   produced   and   have   been   continually  
updated  by  the  TerraClass  project  over  Brazilian  Amazon  (Fig.  4.1a).  TerraClass  
is   a   complement   to   PRODES   deforestation   products   by   providing   information  
about   the   land   use   and   forest   resurgence   in   areas   cleared   from   deforestation  
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(Almeida   et   al.,   2016).   The   products   have   a   30-­‐‑m   spatial   resolution   and   cover  
different   time  periods   (2004,   2008,   2010,   2012  and  2014),   allowing   for   statistical  
analysis  of  changes  of  land  use  and  secondary  forest  areas.  
4.2.2  ALOS  PALSAR  data  
The   ALOS   PALSAR   Fine-­‐‑Beam   Dual-­‐‑polarization   (FBD)   image   data   at  
approximately  25-­‐‑m  resolution  are  used  as  the  key  remote  sensing  observations  
to   map   and   monitor   biomass   changes   in   SF.   The   ALOS   PALSAR   backscatter  
products  are  available   from  a   joint  project  between   JAXA  and   Japan  Resources  
Obervation  System  Organization  over  the  entire  global  forest  areas  for  the  period  
of  2007-­‐‑2010,  2015  and  2016.  PALSAR  data  are  at  L-­‐‑band  Radar   frequency   (~24  
cm  wavelength)  and  polarizations  of  HH  and  HV.  The  images  over  the  Brazilian  
Amazon   were   acquired   during   the   dry   season   when   the   variations   in   soil  
moisture  and  other  environmental  conditions  were  relatively  stable  (Rosenqvist  
et  al.,  2007;  Shimada  et  al.,  2014).  We  further  aggregated  the  backscatter  data  to  
100-­‐‑m  spatial  resolution  using  spatial  average,  in  order  to  reduce  pixel  noise  and  
improve  data  quality  for  ecosystem  study.    
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4.2.3  GLAS  LiDAR  data  
The   spaceborne   Geoscience   Laser   Altimeter   System   (GLAS)   LiDAR  
waveform  measurements  were  used  in  this  study  for  the  quantification  of  forest  
aboveground   biomass.  GLAS   sensor   aboard   the   Ice,   Cloud   and   land   Elevation  
Satellite   (ICESat)   is   the   first   spaceborne  waveform  sampling  LiDAR   instrument  
that   have   provided  measurements   of   forest   height   and   vertical   structure   at   an  
effective   resolution   of   approximately   0.25   ha   (varying   among   lasers)   globally  
(Abshire  et  al.,  2005;  Lefsky  et  al.,  2005;  Sun  et  al.,  2008).  For  vegetated  surfaces,  
the   return   echoes   or   waveforms   from   GLAS   LiDAR   are   functions   of   canopy  
vertical   distribution   and   ground   elevation   within   the   area   illuminated   by   the  
laser   (the   footprint).   Here,   we   used   the   GLAS/ICESat   L2   Global   Land   Surface  
Altimetry  Data  (GLAH14)  product  and  filtered  the  original  data  using  a  series  of  
stringent   quality   controls   and   processing   steps   (crossref:   Chapter   3),   and  
produced  GLAS-­‐‑derived  Lorey’s  Height  (LH)  metric  (Lefsky,  2010)  for  the  GLAS  
observational  period  from  2003  to  2008.  
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4.3  Methods    
4.3.1  Data  Processing  
We   resampled   all   the   raster   datasets   (TerraClass   -­‐‑   30m;  PRODES   -­‐‑   60m;  
ALOS  -­‐‑  25m)   to  grid  cells  of  100  meters.  For  TerraClass  data,  we  combined  the  
secondary   forest,   dirty   pasture   and   regeneration   classes   into   one   class   –   SF,   as  
they  all  represent  a  form  of  secondary  regeneration  but  with  different  trajectories  
of  biomass  accumulation  and  dynamics.  We  developed  maps  at  100-­‐‑m  with  two  
types   of   SF   pixels:   pure   SF   with   100%   coverage,   and   mixed   SF   with   partial  
coverage  of  SF  from  30-­‐‑m  resolution  data.    
For   PRODES   product,   we   used   the   majority   resampling   for   the  
aggregation   from   its   original   resolution   to   100-­‐‑m,   as   the   values   in   PRODES,  
representing   the   time   of   deforestation,   cannot   participate   in   any   numerical  
calculation.   For   the   reference   year   (2010)   we   used   in   our   study,   the   time   of  
deforestation   was   further   translated   into   tree   age,   e.g.,   the   pixel   identified   as  
deforestation  in  2005  was  set  to  have  an  age  of  5  (2010-­‐‑2005)  during  the  reference  
year  of  2010.  
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4.3.2  Forest  Biomass  Models  
Assuming  that  the  GLAS-­‐‑derived  LH  at  footprint  level  (~70  m  in  diameter)  
can  well   represent   the  pixel-­‐‑level   forest   canopy  at   the  100-­‐‑m  spatial   resolution,  
we   adopted   a   well-­‐‑studied   allometric   relationship   between   aboveground  
biomass  (AGB)  and  LH  for  the  tropical  forests  in  Amazonia  (Saatchi  et  al.,  2011b):  
   𝐴𝐺𝐵 = 0.6011𝐿𝐻!.!"#   (4.1)  
Given   the   GLAS-­‐‑derived   AGB   samples   in   2007   and   2008   (overlapped  
period  with  ALOS),  we  extracted  the  corresponding  ALOS  HV  backscatter  data  
(𝜎!)   at   the   same   locations.   And   thus   we   could   build   the   parametric   model  
between   GLAS-­‐‑derived   AGB   and  𝜎!   values   in   the   form   of   power   function  
(Saatchi  et  al.,  2011a):  
   𝐴𝐺𝐵 = 𝛼𝜎!!   (4.2)  
where  𝛼  and  𝛽  are  the  coefficients  for  the  regression  function.  The  fitting  process  
of   this   regression   was   only   performed   over   pure   SF   pixels   that   have   GLAS  
observations.  And  we  used  the  TerraClass  2008  map  to   identify  pure  SF  pixels.  
Due  to  the  saturation  effect  of  Radar  data  (ALOS)  in  dense  tropical  forests,  we  set  
an   upper   threshold   (150   Mg/ha)   for   the   AGB   model   in   Eq.   4.2,   i.e.,   for   any  
backscatter  values  producing  an  AGB  value  larger  than  150  Mg/ha  according  to  
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Eq.  4.2,  we  set  AGB  to  be  150  Mg/ha.  
The   total   living   carbon  density   (TCD)  of  SF  was   calculated  by   including  
the  belowground  biomass  using  allometric  equation  relating  to  AGB  (Saatchi  et  
al.,  2011b):  
   𝑇𝐶𝐷 = 0.5𝐹!"× 𝐴𝐺𝐵 + 0.489𝐴𝐺𝐵!.!"    (4.3)  
where  𝐹!"  is  the  area  fraction  of  SF  in  each  1ha  pixel.  Using  the  TerraClass  maps  
of  2008  and  2010  (when  we  have  ALOS  observations),  we  created  AGB  and  TCD  
maps  in  2008  and  2010.  
4.3.3  Estimating  Age  of  Secondary  Forests  
The  issue  of  PRODES  data  is  recording  only  the  year  of  first  deforestation  
event   for  each  pixel   starting   from  1997,   regardless   the  possibility   that   the  same  
pixel   could   have   had   renewed   deforestation   activities   for   the   following   years.  
Therefore,   using   PRODES   data   alone   could   overestimate   the   age   of   SF,   and  
ignoring   the   possible   overestimation   of   tree   age   could   generate   an   erroneous  
relationship  between  Age  and  AGB.  
Since  ALOS  HV  is  available  from  2007  to  2010,  and  the  TerraClass  data  no  
earlier  than  the  year  of  2004,  the  confirmation  of  tree  age  can  be  limited  to  just  a  
few  years.  Using  PRODES-­‐‑derived   age  map   in   2010   as   the   base  map,  we  used  
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TerraClass  and  ALOS  HV  data  as  additional   filters,  and  built  a  simple  decision  
tree  to  determine  the  appropriate  tree  age  (Table  4.1).  The  decision  rules  include  
(1)  using  the  PRODES-­‐‑derived  age  as  the  initial  guess  of  tree  age;  (2)  checking  the  
TerraClass  maps  from  different  periods  to  confirm  the  year  of  deforestation  (e.g.,  
if  PRODES-­‐‑derived  age  map  denotes  a  pixel  as  age  1  or  2  in  2010,  the  TerraClass  
map   of   2010   should   correspondingly   mark   the   pixel   as   SF,   whereas   the   2008  
TerraClass   should  note   it   as  non-­‐‑SF);   and   (3)  using  ALOS  HV  data   as   an   extra  
filter  to  make  sure  no  disturbance  happened  after  the  initial  deforestation  event  
for   each  pixel,   at   least   during   the  period   of  ALOS  observations   (we  define   the  
observable  disturbance  as,   the  HV  backscatter  of  current  year  being   lower   than  
that   of   previous   year   by   20%   or  more.   Therefore,   once   disturbance   is   detected  
from  ALOS  HV,  the  initial  guess  of  the  age  is  not  correct).  
4.3.4  Forest  Growth  Model  
To  study  the  relationship  between  tree  age  and  AGB/Carbon,  we  selected  
the  pure  SF  pixels  based  on  TerraClass  2010  map.  Applying  the  age  filtering  rule  
for  forest  ages,  we  obtained  7  categories  of  age  classes  from  age  1  to  age  7.  The  
final  tree  age  vs.  carbon  relationship  was  built  using  the  median  TCD  values  for  
ages  from  1  to  7,  in  the  form  of  the  non-­‐‑linear  chapman-­‐‑Richard  growth  function  
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(Orihuela-­‐‑Belmonte  et  al.,  2013):    
   𝐴𝑔𝑒 = 𝐴× ln 1+ 𝛼𝑇𝐶𝐷!    (4.4)  
where  𝐴,  𝛼  and  𝛽  are  the  coefficients  to  fit  for  the  non-­‐‑linear  relationship.  We  also  
validated  our  growth  function  using  field-­‐‑measured  estimates  (Marín-­‐‑Spiotta  et  
al.,  2007;  Poorter  et  al.,  2016)  for  tree  ages  of  10,  20  and  30.  Combining  Eqs.  4.2,  
4.3  and  4.4,  we  can  produce  the  predicted  tree  age  map  directly  from  ALOS  HV  
data  of  Brazilian  Amazon.    
4.4  Results    
4.4.1  Contribution  of  Mixed  Pixels  
While   the   AGB  model   and   our   growth   function   of   SF   were   built   upon  
pure   SF   pixels,   the   mixed   SF   class   at   the   100m   spatial   resolution   has   a  
comparable  number  of  pixels  (Fig.  4.1b),  and  contributes  20%  to  30%  of  the  areal  
coverage   to   the   entire   SF   in   Brazilian   Amazon   (Fig.   4.1c).   Therefore,   the  
contribution  from  mixed  SF  pixels  cannot  simply  be  ignored  when  reporting  the  
national  statistics.  And  the  layer  𝐹!",  representing  the  fraction  of  SF  in  each  pixel,  
was  kept   in   the  calculation  of   total   carbon  density  numbers   (Eq.  4.3).  Spatially,  
we   found   a   large   fraction   of   pure   SF   pixels   in   the   Eastern   Amazon,   where  
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frequent  deforestation  activities  happened  and  transitioned  the  forests  to  SF.  The  
total  area  of  SF   in  Brazilian  Amazon  increased  from  22  to  28  Mha  from  2004  to  
2014,  with  a  minimum  spatial  coverage  in  2008.  In  comparison  with  the  area  of  
SF  (16.1  Mha)  in  2002  (Neeff  et  al.,  2006),  SF  extent  expanded  by  75%  from  2002  
to  2014.  
4.4.2  Distribution  of  SF  Patches  
To  assess  the  spatial  extent  of  each  disturbance  event,  we  also  investigated  
the  distribution  of  SF  patches  for  the  multi-­‐‑temporal  SF  maps  (2004,  2008,  2010,  
2012,   2014).   The   definition   of   SF   patch   is   the   region   spatially   connected   by   SF  
pixels.  The  distribution  of  SF  patches  in  Brazilian  Amazon  showed  a  much  larger  
number  of  small  patches  compared  to  large  ones  (Fig.  4.2a)  for  all  observational  
periods.  More  dispersed  patterns  (a  large  number  of  small  patches)  were  found  
in   2012   compared   to   other   years   (Fig.   4.2a).   In   2014,  we   found  many   small   SF  
patches   were   connected   to   form   relatively   large   SF   patches.   Since   small   SF  
patches  dominated  the  distribution  of  SF,  we  also  compared  the  SF  coverage  (in  
ha)  changing  with  patch  size  for  different  years  (Fig  4.2b),  and  it  shows  a  more  
leveled  distribution  of  SF  areas  for  different  patch  sizes.  
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4.4.3  Carbon  stock  in  the  SF  
Using   GLAS   data   as   the   proxy   to   AGB   (Eq.   4.2),   we   investigated   the  
relationship  between  AGB  and  ALOS  HV  for  overlapped  pixels   (Fig.  4.3a),  and  
translated  the  backscatter  values  to  AGB  (Fig.  4.3b),    
   𝐴𝐺𝐵 = 4082×𝜎!!.!"#     (4.5)  
Taking  both   the  mixed  and  pure  SF  pixels   into  account  based  on   the  SF  
fractions,   we   obtained   estimates   of   total   carbon   in   SF   for   the   observational  
periods   of   ALOS   (2007   to   2010).   Results   show   the   mean   AGB   of   Brazilian  
Amazon   SF   has   little   variation   from   46.9±7.2   to   49.4±7.6   Mg/ha   (Fig.   4.4a).  
Converting   the   numbers   to  mean   carbon   density,   the   variation   is   from   30.9   to  
32.6  Mg/ha.  Weighting  the  extent  of  SF   in  each  year,  we  found  the  total  carbon  
changes   from  0.65±0.09  PgC   to   0.77±0.11  PgC   (Fig.   4.4b),   in  which   the   increase  
was  mainly  due  to  the  change  of  SF  spatial  coverage.  The  total  carbon  stock  in  SF  
contributes   a   small   fraction   (0.6%)   to   the   total   carbon   pool   (~120   PgC)   in   the  
entire  Amazon   basin   (Malhi   et   al.,   2008).  Our   results   are   consistent  with   other  
research  (Asner  et  al.,  2010)  showing  an  average  SF  carbon  density  of  30  Mg/ha.  
We  also  found  no  significant  change  in  SF  carbon  stock  from  2007  to  2010,  even  
though  SF  contributes  to  most  of  the  carbon  sink  in  other  tropical  regions  (Pan  et  
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al.,  2011).   (Davidson  et  al.,  2012)  also  confirmed  that  SF  contributed  little  to  the  
total  carbon  sink  in  Amazon,  because  of  frequent  fires  and  logging  activities.  The  
dynamics   of   SF   coverage   also   show   40-­‐‑60%   of   areal   changes   due   to   constant  
disturbances  in  existing  SF  regions  (Table  4.2).  
4.4.4  Carbon  Change  with  Forest  Age  
Assuming   deforestation   events   reported   by   the   PRODES  map  were   the  
latest   and   no   further   disturbance   happened   to   the   same   pixel   later,   we   could  
derive   the   PRODES   SF   age  map   of   2010  without   tree   age   filtering   (see   Section  
4.3.3).  However,  observations  show  no  sensitivities  of  AGB  values  to  SF  ages  (Fig.  
4.5a).   Applying   the   tree   age   filtering   based   on   the   SF  maps   of   TerraClass   and  
ALOS  HV  data,  we  found  a  more  reasonable  distribution  of  AGB  changing  with  
age  (Fig.  4.5b).  Without  further  information,  pixels  with  tree  age  older  than  7  are  
not   determined   (no   TerraClass   data   before   2004   or   ALOS   data   before   2007).  
Using   the   median   carbon   density   values   for   ages   from   1   to   7,   we   built   the  
allometric  model  (in  form  of  Eq.  4.4)  between  age  and  carbon  density  (Fig.  4.6),  
   𝐴𝑔𝑒 = −35.71× ln 1− 𝑇𝐶𝐷105 !.!"    (4.6)  
Due  to  the  limited  availability  of  SF  classification  maps  and  a  short  period  
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of   ALOS   observations,   we   can   only   test   our   model   using   numbers   found   in  
literature  for  forests  older  than  age  7.  Results  show  the  field-­‐‑measured  estimates  
(Marín-­‐‑Spiotta  et  al.,  2007;  Poorter  et  al.,  2016)  for  groups  of  trees  at  the  age  10,  20  
and   30   are  within   the   boundary   of   95%   confidence   interval   of   our   age-­‐‑carbon  
model   (Fig.   4.6).  However,  mean  biomass   carbon  of   SF   at   the  plot   level   (Neeff  
and  Santos,  2005)  is  much  lower  than  our  model  for  tree  age  less  than  10.  In  our  
calculation,  we  calculated  biomass  carbon  from  1-­‐‑ha  resolution  that  includes  SF  
as  well  as  other  background  vegetation  types   (such  as  pasture,  or  undershrub).  
There   are   also   possibilities   that   regrowth   happened   after   the   detection   of  
disturbance.  These  make  our   estimation   for   young-­‐‑age   trees  much  higher   than  
plot-­‐‑level  measurements,  but  the  discrepancy  reduces  as  trees  grow  older.  
4.4.5  Mapping  Age  of  Secondary  Forests  
From  2010  ALOS  HV  map,  we  produced  the  predicted  forest  age  map  (Fig.  
4.7)  for  SF  using  Eqs.  4.3,  4.5  and  4.6.  The  map  shows  a  vast  area  of  SF  with  very  
young   trees   (age   <=10years),   and   the   average   SF   age   is   4.98±4.53   for   the   entire  
Brazilian   Amazon,   consistent   with   the   estimation   of   4.8   years   old   from   field-­‐‑
derived   independent   studies   (Neeff  et  al.,   2006).  Results   suggest   that   the   re-­‐‑cut  
period   of   SF   in   amazon   can   be   approximately   every   5   years.   SF   older   than   20  
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years  occupies  only  <1%  of  the  entire  SF  regions.    
We   also   performed   the   same   analysis   based   on  ALSO  HV  map   in   2015.  
Due  to  the  striping  effect  and  missing  regions,  data  quality  of  ALOS  2015  is  not  
good  enough  to  cover  the  entire  Brazilian  Amazon.  By  focusing  on  a  small  region  
(around   2   degree   by   2   degree)   of   eastern  Amazon   (Fig   4.8),  we   found   a   lower  
mean   estimation   of   living   biomass   carbon,   compared   to   the   2010   estimation   of  
the   whole   basin.   It   could   be   due   to   regional   differences,   but   also   implies   no  
significant  carbon  sink  of  SF  over  the  period  of  5  years.  
4.5  Conclusions  
Young   forests   in   the   tropics   represent   a   large   potential   of   future   carbon  
sequestration  and  should  be  protected  from  future  disturbance,  over-­‐‑logging  and  
land-­‐‑use   changes.  Through   the  analyses  of  SF   in  Brazilian  Amazon,  we   indeed  
found   a   potentially   significant   carbon   sink   for   young   SF,   based   on   the   growth  
model   we   built.   However,   in   Brazilian   Amazon,   we   also   found   frequent  
disturbances   in   the   SF   regions,   causing   constant   damage   to   the   trees   and   the  
average   SF   age   never   became   older.   Although   the   SF   in   Brazilian   Amazon  
contains   a   small   fraction   of   total   carbon   compared   to   the   intact   forests   in   the  
entire  Amazon   basin,  we   have   seen   a   rapid   expansion   during   the   last   decade,  
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and  as  a  result,  we  have  carbon  loss  from  these  new  SF  sites.  On  the  other  hand,  
we  do  not  see  rapid  accumulations  of  terrestrial  carbon  from  existing  SF  regions.  
These   results   suggest   that   better   policies  must   be   adopted   to   prevent   SF   from  
further  damaging.    
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Figure   4.1.   The   statistics   of   secondary   forest   (SF)   in   2004,   2008,   2010,   2012   and  
2014.   (a)   Overview   of   secondary   forest   classification   map   in   2010;   (b)   Total  
number  of  1-­‐‑ha  pixels  for  mixed  SF  and  pure  SF  for  each  TerraClass-­‐‑derived  SF  
map;  (c)  Total  area  for  mixed  SF  and  pure  SF.    
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Figure  4.2.  Frequency  distribution  of  SF  patches.  (a)  Number  of  patches  changing  
with  patch  size  (in  terms  of  number  of  pixels);  (b)  Associated  total  area  of  patches  
changing   with   patch   size.   Different   curves   correspond   to   available   TerraClass  
maps  in  2004,  2008,  2010,  2012  and  2014.  
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Figure  4.3.  Relationship  between  AGB  and  ALOS  HV.  (a)  Scattering  plot  of  AGB  
versus   HV;   (b)   Fitting   curve   of   AGB   with   ALOS   HV.   All   data   were   from  
overlapped  pixels  of  GLAS  shots  and  ALOS  HV  backscatter  in  pure  SF  regions.  
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Figure  4.4.  Annual  variation  of  AGB  and  carbon  stock  from  2007  to  2010.  (a)  AGB  
variations,  and  (b)  Total  carbon  variations.  We  used  the  2008  SF  map  to  calculate  
the  carbon  stock  of  2007  and  2008,  and  the  2010  SF  map  to  calculate  the  carbon  
stock  of  2009  and  2010.  
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Figure  4.5.  Bar  Plot  showing  the  relationship  between  Age  and  AGB  (from  age  1  
to  age  7).  (a)  PRODES  SF  age  map  of  2010  without  tree  age  filtering;  and  (b)  SF  
age  map  of  2010  with  tree  age  filtering  (see  Section  4.3.3).  
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Figure   4.6.   Forest   age  model   showing   the   relationship   between   living   biomass  
carbon   and   age.  We   used   the   non-­‐‑linear   chapman-­‐‑Richard   growth   function   of  
Age   (Orihuela-­‐‑Belmonte   et   al.,   2013).   The   coefficients,   a   =   -­‐‑0.04893   (-­‐‑0.07671~-­‐‑
0.02114),  b  =  0.6406  (0.444~0.8371),  are  shown  with  95%  confidence.  
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Figure  4.7.  Age  map  of  SF  of  2010  for  the  entire  Brazilian  Amazon.  
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Figure  4.8.  ALOS  map  and  Age  distribution  in  2015.  (a)  Map  of  ALOS  HV  in  2015;  
(b)   The   sampled   region   in   the   eastern   Amazon;   and   (c)   Bar   plot   of   the  
relationship  between  living  biomass  carbon  and  age  of  the  sampled  region.  
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Table  4.1.  Decision  rules  to  find  the  real  age  of  trees.  Here,  sf04,  sf08,  sf10  are  the  
secondary  forest  maps  in  2004,  2008  and  2010;  hv07,  hv08,  hv09  are  the  ALOS  HV  
values   in  2007,  2008  and  2009.  “Y”  means   the  pixel   is   classified  as   the  SF  class,  
and  “N”  means  the  pixel  is  classified  as  non-­‐‑SF.  
     sf04   sf08   sf10   hv08   hv09   PRODES  Age   Final  Age  
-­‐‑   N   Y   -­‐‑   <hv08*0.8   >=1   1  
-­‐‑   N   Y   -­‐‑   >hv08*0.8   >1   2  
N   Y   Y   -­‐‑   >hv08*0.8   =3   3  
N   Y   Y   >hv07*0.8   >hv08*0.8   =4   4  
N   Y   Y   >hv07*0.8   >hv08*0.8   =5   5  
N   Y   Y   >hv07*0.8   >hv08*0.8   =6   6  
Y   Y   Y   >hv07*0.8   >hv08*0.8   =7   7  
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Table  4.2:  Dynamics  of  SF  coverage  from  2004  to  2014.  Grey  cells  show  the  total  
area  of  SF  in  each  year,  orange  cells  represent  the  losing  coverage  from  year  A  (in  
green)  to  year  B  (in  orange),  and  green  cells  denote  the  new  SF  region  gained  in  
year  A  (in  green),  which  did  not  exist  in  year  B  (in  orange).    
Area  (Mha)     Loss  (Mha)  
   2004   2008   2010   2012   2014  
  
Gain  
(Mha)  
2004   21.89   11.32   10.49   10.45   9.57  
2008   9.23   19.80   4.60   8.36   7.75  
2010   11.34   7.54   22.74   9.44   8.60  
2012   15.82   15.82   13.96   27.25   11.67  
2014   14.81   15.08   12.99   11.55   27.13  
  
  
Chapter  5  
Concluding  Remarks  
Studies  of  spatial  and  temporal  variations  in  global  tropical  forests  give  us  
a   better   understanding   of   the   global   carbon   cycle   and   especially   the   carbon  
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exchange  in  the  tropics.  However,  due  to  the  lack  of  enough  field  measurements  
in  the  tropics,  observations  from  remote  sensing  are  always  hard  to  be  validated.  
Large-­‐‑scale   estimations   from   optical   satellite   data,   often   exhibiting   issues   of  
cloud  contamination  and  saturation  effects,  have  been  criticized  for  its  reliability  
in  detecting  vegetation  changes  in  the  tropics.  Active  remote  sensing  techniques,  
especially  LiDAR  and  Radar  data,  provide  us  unique  opportunities  to  look  at  the  
vegetation   canopy  along   the  vertical  dimension   thanks   to   the  deep  penetration  
feature.   In   particular,   LiDAR   waveform   data   from   GLAS   sensor   aboard   the  
ICESat  platform,  have  acquired  vertical  profiles  of  forest  structure  globally  from  
2003   to   2008,   without   limitations   existed   in   passive   optical   remote   sensing.  
Although   it   retired   in  2009,  new  LiDAR  instruments,   such  as   the  GEDI   (Global  
Ecosystem  Dynamics  Investigation)  mission,  will  be  launching  in  the  near  future.  
The   high-­‐‑resolution   L-­‐‑band   Radar   data,   ALOS   PALSAR   dataset   (2007   to   2010  
and  2015  to  2016),  also  have  strong  penetration  feature  without  the  influence  of  
atmosphere.  With  its  continuous  spatial  coverage,  radar  data  allow  us  to  produce  
spatial  mapping  and  detect  changes  in  less  dense  forests,  which  shows  a  unique  
advantage  in  applications  such  as  the  secondary  forest  changes.  
In  my  first  study,  I  focused  on  using  the  GLAS  LiDAR  data  to  analyze  the  
biotic   factors   controlling   the  variation  of   forest   structure.  As   a  key   indicator  of  
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processes  of  forest  growth,  carbon  dynamics,  and  their  interactions  with  climate  
and   edaphic   conditions,   I   examined   the  macroscale   variations   of   tree  height   of  
humid   tropical   forests   across   three   continents   and   quantified   the   climate   and  
edaphic   controls   on   these   variations.   Forest   tree   heights   were   systematically  
sampled   across   global   humid   tropical   forests   with   more   than   2.5   million  
measurements   from   Geoscience   Laser   Altimeter   System   (GLAS)   satellite  
observations  (2004-­‐‑2008).  I  used  top  canopy  height  (TCH)  of  GLAS  footprints  to  
grid  the  statistical  mean  and  variance  and  the  90-­‐‑percentile  height  of  samples  at  
0.5  degrees  to  capture  the  regional  variability  of  average  and  large  trees  globally.  
Using   the   spatial   regression  method   (spatial   eigenvector  mapping   -­‐‑   SEVM)   to  
evaluate  the  contributions  of  climate,  soil  and  topography,  I  tried  to  explain  and  
predict  regional  variations  of  forest  height.  Statistical  models  suggest  that  climate,  
soil,   topography,   and   spatial   contextual   information   together   can   explain  more  
than  60%  of   the  observed   forest  height  variation,  while   climate  and   soil   jointly  
explain  30%  of  the  height  variations.  Soil  basics,  including  physical  compositions  
such   as   clay   and   sand   contents,   chemical   properties   such   as   PH   values   and  
cation-­‐‑exchange   capacity,   as   well   as   biological   variables   such   as   the   depth   of  
organic  matter,  all  present  independent  but  statistically  significant  relationships  
to  forest  height  across  three  continents.  I  also  found  significant  relations  between  
   
143 
the   precipitation   and   tree   height  with   shorter   trees   on   the   average   in   areas   of  
higher  annual  water  stress,  and  large  trees  occurring  in  areas  with  low  stress  and  
higher  annual  precipitation  but  with  significant  differences  across  the  continents.  
These  results  confirm  other  landscape  and  regional  studies  by  showing  that  soil  
fertility,   topography   and   climate   may   jointly   control   a   significant   variation   of  
forest   height   and   influencing   patterns   of   aboveground   biomass   stocks   and  
dynamics.  Other  factors  such  as  biotic  and  disturbance  regimes,  not  included  in  
this  study,  may  have   less   influence  on  regional  variations  but  strongly  mediate  
landscape  and  small-­‐‑scale  forest  structure  and  dynamics.  
The   second   project   is   quantifying   forest   structure,   biomass   and   carbon  
changes   in   Amazonia   after   the   2005   drought   using   GLAS   LiDAR.   Impacts   of  
droughts   on   carbon   dynamics   of   forests   of   Amazonia   have   been   recorded   in  
terms  of  short-­‐‑term  (1-­‐‑3  years)   tree  mortality  and  biomass   loss  from  small-­‐‑scale  
observations   in   inventory  plots.  However,   little   is   known   about   the   large-­‐‑scale  
legacy  of  droughts  on  carbon  stocks  and  dynamics  of  forests  of  Amazonia  and  its  
implications   for   the   global   carbon   cycle.   Using   systematic   sampling   of   forest  
structure   measured   by   spaceborne   Light   Detection   and   Ranging   (LiDAR)  
waveforms   from   2003   to   2008,   I   examined   whether   the   Amazon   forests  
experienced   large-­‐‑scale   carbon   loss   after   the   2005   drought.   I   found   significant  
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loss   of   carbon   over   the   entire   Amazon   basin,   turning   the   ecosystem   to   a   net  
source  of   carbon  at  0.63  PgC/yr   (0.16-­‐‑1.10  petagrams  of   carbon).  The  decline  of  
carbon   stocks   started   from   the   severe   hydraulic   stress   on   large   trees   and  
continued  over  the  next  four  years  (2005-­‐‑2008)  due  to  a  pervasive  “legacy  effects”  
and  potential  slow  recovery,  temporarily  switching  the  forests  from  carbon  sink  
to  a  net  source.  These  results  suggest  that  with  more  frequent  droughts  expected  
in  future,  forests  of  Amazonia  may  lose  their  role  as  a  robust  sink  of  atmospheric  
carbon,   leading   to   a   significant   positive   climate   feedback   and   exacerbating  
climate  warming  trends.  
In  the  third  study,  I  used  both  LiDAR  and  Radar  data  to  study  the  carbon  
storage  and  dynamics  of  secondary  forests  (SF)  in  the  Brazilian  Amazon. Tropical  
SF  play  an  important  role  in  the  global  carbon  cycle  as  a  major  terrestrial  carbon  
sink.  Using  a  combination  of  ground,  LiDAR  and  Radar  satellite  observations,  I  
quantified  the  area,  aboveground  biomass  accumulation  and  changes  from  2004-­‐‑
2014   in   the  Brazilian  Amazon.  Results   show   that   the  Brazilian  Amazon  had  20  
Mha  (106  ha)  SF  in  2004  that  increased  significantly  to  27  Mha  in  2014.  The  area  
occupied  by  the  secondary  forests  is  around  0.5%  of  the  total  area  and  the  carbon  
storage   is   about   0.8%   (0.7   PgC)   of   the   total   carbon   in   forests   of   the   Brazilian  
Amazon.  On   average,   the   forests   accumulate   about   5  MgC  ha-­‐‑1   yr-­‐‑1   during   the  
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first  10  years  after  clearing  and  abandonment,  reducing  to  about  2  MgC  ha-­‐‑1  yr-­‐‑1  
for  the  next  10  years  and  gradual  increase  of  about  1  MgC  ha-­‐‑1  yr-­‐‑1  up  to  the  age  
of   30   years,   and   much   slower   growth   thereafter.   However,   with   significant  
turnover  and  frequent  clearing  in  secondary  forests,  the  average  age  remains  less  
than   5   years   (4.98±4.53)   over   the   period   of   the   study   period.   The   overall  
contribution  of  secondary  forests  to  the  carbon  sink  is  about  0.06  (+/-­‐‑  0.28  at  95%  
confidence   interval)   PgC   yr-­‐‑1   but   has   the   capacity   to   increase   to  more   than   0.2  
PgC  yr-­‐‑1  net  sink  to  compensate  the  total  emissions  from  deforestation  if  policies  
to  restore  secondary  forests  are  implemented  and  enforced  at  the  national  scale.  
Beyond   this  dissertation,  my   future  work  could  continue   the   research  of  
carbon  monitoring  in  the  tropics  using  remote  sensing  data  fusion  of  LiDAR  and  
other  data  sets.  Bringing  more  field-­‐‑based  data  and  airborne  high  resolution  data  
sets,   we   could   build  more   accurate   prediction  models   for   forest   structure   and  
carbon   dynamics.   My   current   studies   only   investigated   linear   and   parametric  
models   in   relating  remote  sensing  measurements   to  physical  quantities   such  as  
AGB  and  forest  carbon  density.  More  advanced  non-­‐‑linear  relationships  could  be  
built  using  ensemble  learning  and  deep  neural  networks  given  enough  training  
samples   in   study   regions.   For   the   study   of   dynamics,   longer   data   series   with  
coarser   resolutions   are   also   available,   such   as   satellite   measurements   from  
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AVHRR,  Landsat  and  MODIS.  Although  these  data  sets  have  issues  in  acquiring  
reliable   measurements   in   the   tropics,   we   could   possibly   still   get   insights   by  
including   uncertainty   propagation   into   consideration.   Data,  methodology,   and  
longer   time   series,   will   be   the   main   aspects   for   me   to   improve   in   my   future  
research.  
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